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Abstract  

The detection of geological structures in seismic data is of great importance for applications 

concerning storage and extraction of resources from the subsurface reservoirs, such as oil and 

gas exploration and production, CO2 and waste storage, geothermal resources. However, 

interpretation of seismic data is a time-consuming task. In this thesis, we present an automated 

approach using light U-net, which is a 3D convolutional neural networks (CNNs) algorithm to 

identify geological structures such as faults in 3D seismic cubes. Delineating faults from 

seismic images is a key step for seismic structural interpretation, characterization of reservoirs 

and well positioning. 

In conventional methods for seismic interpretation, faults are picked as discontinuities along 

seismic reflectors and/or are identified by measuring attributes that estimate discontinuities (e.g. 

coherence attributes) in seismic data. In this study, we perform fault detection as a binary image 

segmentation problem through labeling a 3D seismic image with one for fault and zero for no-

fault. We have implemented an effective image-to-image fault segmentation using a supervised, 

fully convolutional neural network. We automatically generate various amounts of 3D seismic 

images and corresponding binary fault labeling images to train the network, which is shown to 

be sufficient to train a thriving network of fault segments. Since a binary fault image is highly 

imbalanced between zero (no-fault) and one (fault), we use a class-balanced binary cross-

entropy loss function to change the imbalance so that the network is not trained or gathered to 

predict only zeros (no-fault). After training several 3D seismic data sets, the network 

automatically learns to calculate the rich and correct features that are critical for fault detection. 

Our results from using this approach on multiple 3D seismic surveys from Horda Platfrom and 

Stord Basin indicate that the neural network can predict faults from 3D seismic images much 

more accurately and efficiently than conventional methods. 

Further, we analyzed frequency of minor faults in 3D around two major faults in Horda 

Platform, Vette and Øygarden faults. Using this analysis, we investigated how damage zone 

architecture of these two major faults changes along different scanlines with respect to time and 

different inlines. Our results show that more minor faults are observed around the Vette Fault, 

indicating a larger damage zone around this fault. This damage zone is expected to extend 

southward as minor faults are distributed over a wide region on 1300-1500 inlines. Whereas the 

damage zone around Øygarden Fault includes a few to no minor faults in seismic scale on most 

of the inlines.  
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PREFACE  
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Chapter 1: Introduction 

1.1 Background and motivation for this Study 

Understanding the geometry and architecture of faults and fractures in the subsurface presents 

an enormous challenge for structural geologists, geophysicists, and reservoir engineers. Faults 

are usually represented in a simplified fashion in maps or geological sections obtained from 

seismic interpretation. For many decades, geologists have investigated and studied faults, their 

genesis, and evolution. Field geology, sandbox experiments, and seismic data all illustrate the 

complexities of faults. In their early stages, faults appear as segments interconnecting several 

ruptures related to earthquakes. However, as they grow, they accumulate displacement and 

increase in length. As faults evolve and connect, they develop complex geometries as a result 

of the interplay between fault segments, lithology, stress, and strain, among other factors 

(Fredman et al., 2007, McClay et al., 2004, Groshong Jr, 2006). In the shallow parts of the crust, 

faults and fault zones play a significant role in controlling the fluid flow and fluid-rock 

interactions. Faults can act as barriers and Conduit for fluid flow (Braathen et al., 2009, Caine 

et al., 1996, Knipe et al., 1998, Fredman et al., 2007, Childs et al., 2009). Thus, fault zones and 

geometric characteristics of the faults have received considerable attention during the last 

decades (Walsh and Watterson, 1989, Evans, 1990, Wibberley et al., 2008, Shipton et al., 2006, 

Childs et al., 2009, Bastesen et al., 2013). The geometric fault attributes include displacement 

of the fault, length, width of the damage zone and core thickness of the fault and the most 

uncertain of these attributes is the fault core thickness (Torabi and Berg, 2011). In the study of 

fault sealing (Fredman et al., 2007), the fault core thickness is considered the main factor in 

predicting the sealing capacity of a fault zone. This fault characteristic also influences the 

petrophysical properties of rocks and thus affects the fluid movement within a fault zone 

because of the displacement accommodation and the resulting extensive deformation. The core 

thickness of the fault is difficult or even impossible to acquire on seismic data due to the sub-

seismic volume of the attribute. Fault interpretation from seismic data is strongly dependent on 

the expertise and skills of the individual geologist. In recent years, use of seismic attributes such 

as coherency or semblance, dip and azimuth, have improved three-dimensional fault tracking 

and reduced the uncertainty related to interpretation. However, the interpretation of 3D seismic 

data has become very time-consuming. As seismic volume data increase, driven especially by 

the demand of the oil industry, it has become necessary to find a more automatic and precise 

way of processing and interpretation (Brown et al., 2004). Significant progress has been made 

in development of software tools for seismic interpretation, with the creation of new attributes 
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or algorithms to detect, delineate, and extract faults from comparing with neighboring non-

faulted areas (Di et al., 2018c). At the end of last century, the initial development of neural 

networks offered a promising solution. 

Nowadays, many mathematical algorithms can be used to solve a variety of problems or 

situations in subsurface data analysis. Machine learning (ML) trains computers, making them 

“learn” through automatic improvement of these algorithms. The algorithms are now being used 

to delineate and extract geological structures from seismic data in an automated process, and 

also to deduce structure, lithology, sedimentary facies, porosity, and fluid saturation from well 

core and log data, or even at a geological basin scale. On a macro-scale, machine learning 

applied to geological problems promises to change the subsurface modelling workflows of the 

oil industry and may play a decisive role in academic geoscience research. 

Recently, the Convolutional Neural Network, or CNN, was developed. The CNN is an evolved 

form of neural network that is used to simplify the way image data is processed. CNN, as one 

method used in machine learning, has been applied with significant results in automatic seismic 

data interpretation of geological features such as faults and horizons (Huang et al., 2017, Di, 

2018, Guo et al., 2018, Wu et al., 2018, Zhao and Mukhopadhyay, 2018, Wu et al., 2019a).   

Several CNN studies have been performed, yielding remarkable results (Geng and Wang, 2020, 

Pham et al., 2019, Di et al., 2018b, Zhao and Mukhopadhyay, 2018, Araya-Polo et al., 2018, 

Di et al., 2018c, Wu et al., 2019a). CNN has shown a shortened response time with very accurate 

interpretations. This is crucial for both interpreter and industry, because more time can then be 

invested in analysis, while less interpretation is required to understand the structural framework 

and geological features, resulting in better conclusions and output. This means that more precise 

information enabling geologists to successfully reach their targets is gained in a shorter time. 

The interaction between machine learning and the interpreter refines and improves the process; 

the neural network is capable of delineating numerous faults in a short time, after which the 

interpreter verifies the ML-based interpretation, and subsequently the neural network is trained 

by this interaction. The high neural network capacity to analyze and compare seismic images 

scanned in every direction allows the interpreter to "see" or delineate oblique structures, which 

are otherwise difficult to see (Wu et al., 2019a). In this thesis, ML, and particularly CNN are 

utilized, to interpret complex fault systems on seismic data from the North Sea. 
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1.2 Study area  

The study area (Figure1.1)is located in the Horda Platform, which is a 300 km-long, N-S 

trending structural high over the northern North Sea eastern margin, next to the Norwegian 

coast (Whipp et al., 2014). The Horda Platform frames the Stord Basin in the south and the 

Northern Horda Platform in the north, both of which are rift basins that developed during the 

first rift stage of the northern North Sea, from the Late Permian until the Early Triassic. The 

Horda Platform developed in rheologically and structurally heterogeneous crust associated with 

pre-rifting deformation events, often with extensive diversity of geometries and orientations, 

creating brittle faults in a complex arrangement, ductile shear zones, and fracture networks 

(Fazlikhani et al., 2017). 

The complicated structural history in the study area has made accurate interpretation of faults 

and fractures by traditional means extremely difficult. This study uses CNN to perform seismic 

interpretation for the Horda Platform (Troll Area and Smeaheia High Area) and Stord Basin in 

the northern North Sea. Supervised ML was implemented to first label faults manually, and 

then to predict faults using the ML method Light UNet. Seismic interpretation and ML 

modeling were performed using the EarthNet Platform, and best practices for seismic 

interpretation workflows for this area were developed.  

Quick and accurate interpretation of faults and fractures in the northern North Sea is of crucial 

interest to the oil industry as well as CO2 storage projects in the Troll area. With a more precise 

fracture and fault model, structural geologists could predict the fluid flow behavior of faults in 

reservoirs more accurately. 
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Figure 1.1  Map of the study area, including tectonic features, main faults, and seismic data. The 

Horda Platform and Stord Basin are outlined by a red square (NPDFactMaps., 2020, 

EarthScienceAnalytics, 2020). 

1.3 Aim and objectives of the Study 

The study aims to train and use supervised machine learning models to interpret faults in the 

complex structure of the Horda Platform and Stord Basin.  

Three sub-objectives were necessary in order to achieve the main research objective described 

above. By completing these sub-objectives, a better structural understanding of the faults 

could be obtained using ML methods. These objectives were: 

• Define best practices for fault seismic interpretation workflow using ML methods 

applied to the study area. 

• Use machine learning to interpret faults in the Horda Platform and Stord Basin. 

• Use the ML predicted faults to study the architecture of the damage zones of the 

Øygarden Fault Complex and Vette Fault System. 

In order to achieve the objectives, the accomplishment of several tasks was necessary: 
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• Gain a solid understanding of regional geological history via literature study.  

Emphasizing the master faults of the area could lead to an increased understanding of 

fault growth and linkage patterns, in the context of inherited structural framework. 

• Implement the new ML Method Light UNet, powered by CNN. The EarthNET 

platform was used to gain understanding of the method and establish its advantages and 

limitations. 

 Label faults by using Supervised Machine Learning.  

 Faults were manually labeled on each 3D seismic surveys (EN10101, EO0801, 

GN1101, NH0301, RS1001, ST13003D and ST1300D13) by using supervised machine 

learning method. First, we selected a 3D seismic survey in the EarthNet and trained 

(manual labeling) both Inlines (increment every 10) and Xlines (increment every20).  

 Training the Convolutional neural networks (CNNs) using Light U-Net architecture. 

Generating machine learning model to predict faults in both inlines and Xlines. The 

results of the neural network can be checked before the 3D fault cube is generated. A 

plot or matrix of confusion is a method we used to test neural network efficiency. When 

the final neural network has been validated, we have created the 3D fault volume, which 

optimizes images the faults of the seismic data. 

• Verify the efficiency and accuracy of the fault study results. Verification included a 

visual comparison between the fault attribute volumes based on ML models and the 

manually interpreted faults.  

• Analyze fault frequency in the damage zone of Øygarden Fault Complex and Vette 

Fault System. This analysis was undertaken by making several scanlines at a variety 

of depths on different seismic lines (Inlines), that stretched from northwest to southeast, 

almost perpendicular to the dominant structural trend of the area. 

 

1.4  Definitions and description of fault attributes  

1.4.1 Faults  

A fault is a planar fracture in a rock volume associated with rock mass movement on both sides 

of the plane (Peacock et al., 2016). Faults are the result of shear failure, and in seismic data, 

they appear as a discontinuity between the reflectors. Generally, faults are associated with 

different types of tectonic stress and tectonic regimes, extensional, contractional (thrust), and 

strike-slip regimes. 
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Figure 1.2 depicts the various types of faults and their associated tectonic regime. In a normal 

fault, the hanging wall block, moves down relative to the footwall block.  Normal faults occur 

throughout extensional systems and are typical in rift margins. As the continental lithosphere 

stretches, normal faults form due to extensional deformation.  

Reverse faults and thrust occur in compressional regimes, such as convergent plate boundaries, 

and are the product of compressive stress. In these faults, the hanging wall moves up relative to 

the footwall. In a strike-slip fault, two blocks move horizontally along the fault in opposite 

directions.  

 

Figure 1.2 Different types of faults (Fragoulis., 2015). 

A transform fault (Figure 1.3) is similar to a strike-slip fault, in which two blocks pass 

horizontally along the fault. Movements are, therefore, in the opposite direction. Transform 

faults are usually formed when two different plates move away from a spreading center or 

divergent plate boundary.  
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Figure 1.3 Transform fault associated with divergent plate boundary (EncyclopediaBritannica., 

2015) 

 There has been many studies on the different aspects of fault geometric attributes such as, Fault 

length, width, displacement, height, fault core and damage zone (Walsh and Watterson, 1988, 

Shipton et al., 2006, Wibberley et al., 2008, Bastesen et al., 2013, Childs et al., 2009). The 

following briefly describe these all faults geometric attributes (Figure 1.4) 

 

Figure 1.4 An illustration of faults attributes, internal structure of the fault damage zone and fault 

core (Torabi et al., 2019b) 

1.4.2 Faults length and displacement  

Fault length is the strike dimension of the fault as seen on the surface (outcrops) or as deduced 

from (typically seismic) subsurface data. From the measurement of fault length in the field 
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(outcrop), it is impossible to calculate the overall length of large faults due to the accessibility 

problem.  However, this fault geometric attribute is better imaged on volumes of seismic faults 

displayed in time slice view. On seismic, it is possible to extract the length of individual 

segments of a large fault directly from seismic attributes and estimate the total length of the 

fault (Torabi et al., 2019a).In vertical sections, we usually measure part of the fault dimension 

parallel to its dip direction (fault height) (Libak et al., 2017). 

The term displacement has many synonymous meanings, but in general, displacement is the 

vector for relative movement between the two points that were originally adjacent to each side 

of the fault (Peacock et al., 2000). The term that is often used is slip, but slip was used to 

characterize a seismic occurrence (Cowie and Shipton, 1998, Shipton et al., 2006), while 

displacement describes the entire history of the fault movement. The maximum displacement 

of faults is theoretically situated in the center of a fault and will decreases gradually towards 

the tips of fault (Barnett et al., 1987). The direction of the displacement vector defines the 

relative motion of one side of the fault compared to the other side, whereas the intensity of the 

vector gives the complete offset for the two fault walls (Peacock et al., 2000). 

Displacement can be determined in the field, but it also differs across the fault strike and dip, 

challenging to determine the entire displacement of individual faults because exposures are 

small. As a fault is typically segmented, it is important to consider the length and displacement 

of each individual segment and their contribution to the overall fault length and accumulated 

displacement (Torabi et al., 2019a).  

1.4.3 Fault core and damage zone 

Brittle fault zones in the upper crust are structurally and lithologically heterogeneous and show 

anisotropic properties (Caine et al., 1996, Faulkner et al., 2011). These faults are considered to 

have complex geometry in three dimensions and vary substantially in their intrinsic properties 

(Manzocchi et al., 2010, Childs et al., 1997). A completely defined fault zone contains a fault 

core and damage zone (Figure 1.4), the properties of which vary depending upon structural 

fabrics, lithology, and mechanisms of deformation, resulting in different permeability 

properties(Caine et al., 1996, Chester et al., 1993). The fault core is the product of highly 

localized strain and intensive shearing, which accommodates most of the displacement in the 

fault zone Figure (1.4). Multiple slip surfaces, fault rocks (gouge, breccia and Cataclasite), and 

lenses comprise the fault core (Sibson, 1977, Braathen et al., 2009). As the fault zone matures, 

the fault core typically becomes thicker and more continuous (Micarelli et al., 2006). 
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Permeability usually decreases in the fault core as the rock fabric is dominated by high strain 

products such as cataclasites, which may function as barriers or baffles. The damage zone is a 

deformed rock volume associated with faults that bounds the faults core (Faulkner et al., 2011). 

Damage zones show relatively lower strain than fault core, Figure 1.4. Damage zones typically 

exhibit many structures in the second order, such as subsidiary or minor faults, fractures and 

veins, deformation bands, as well as, in some cases, fault-related folds and/or drag folds (Choi 

et al., 2016). Damage zones of faults  formed in low porosity rocks, usually have greater 

permeability due to high fracture density relative to their host rocks, which may cause them to 

act as fluid conduits (Billi et al., 2003, Micarelli et al., 2006).  

In porous rocks, strain localization typically starts by the formation of deformation bands. 

Deformation bands encompassing small displacement are often formed in the damage zone of 

faults in such porous rocks (Fossen et al., 2007, Schueller et al., 2013, Schultz and Fossen, 

2008).  

However, particularly in large-scale faults, geometrically complex structural domains cannot 

be easily defined by simple fault architectural zones such as described above (Shipton and 

Cowie, 2001, Schulz and Evans, 2000). Therefore, some structural geologists suggest further 

subdivision of the core and damage zone, into central and distal cores and inner and outer 

damage zones, respectively (Berg and Skar, 2005, Gabrielsen and Braathen, 1998, Clausen et 

al., 2003). 

1.5 Characterization of faults on seismic 

 Commonly, a knowledge of 3D structure of a fault system is needed for evaluating reservoir 

connectivity. However, the complexity of a fault system cannot be totally captured by seismic 

interpretation. Most seismic interpretations involve detection and extraction of fault networks 

(Zhou et al., 2012, Chehrazi et al., 2013) in 2D maps. Such techniques, which help building 

fault-based geomodels as surfaces, are not adequate to capture the complexities of fault 

architecture and its associated properties. In the literature, there are not many references that 

analyze the ability of seismic data to elucidate fault structure and properties. (Townsend et al., 

1998) used anomalies in the seismic amplitude to detect small-scale faults at the seismic 

resolution limit. (Koledoye et al., 2003) used a conceptual pattern to decompose high-resolution 

normal fault data into segments, which enabled the quantification of shale smearing between 

individual segments. (Dutzer et al., 2010) used seismic attributes to assess internal fault 

structure and transmissibility. The spatial distribution of fault-related deformation by using a 
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seismic dip anomaly attribute was mapped by (Long and Imber, 2010, Long and Imber, 2012). 

(Iacopini and Butler, 2011, Iacopini et al., 2012) described the geometry of a complex fold-and-

thrust belt and accompanying damage zones by integrating seismic attributes based on volume 

and visualization techniques.  

Seismology has thoroughly helped to study shallow fault zones and their locations(Ben-Zion 

and Sammis, 2003, Li et al., 1990). Methods using wave field anomaly, e.g. high resolution 

trapped waves, can classify fault zones that are not deeply buried (Lewis et al., 2005, Ben-Zion 

and Sammis, 2003, Shtivelman et al., 2005). Analyzing the behavior of 'trapped waves' helps 

users to understand the reaction of seismic waves in fault zones. However, these techniques 

cannot be applied to standard post-stack seismic data for faults at greater depth. All these studies 

emphasize the ability to predict fault structure and properties through seismic data. However, 

there is still substantial uncertainty, as faults are often at the vertical and horizontal resolution 

limit. The standard seismic data are not designed to properly handle the nonspecular, back-

scattered energy from the fault, and interpreters are adapted to defining faults via offsets rather 

than searching for fault-related deformation.  

1.5.1 Attribute-based techniques 

In recent years, seismic attribute-based approaches and techniques for image processing have 

considerably advanced. Such approaches have been applied to seismic volumes to enhance the 

identification and analysis of faults. A description of seismic attributes provided by (Taner, 

2001) is: "All the information derived from seismic data is seismic attributes, either by direct 

measurements or by reasoning based on logic or experience.” Seismic attributes that highlight 

discontinuities in seismic data can be used to enhance fault images and facilitate fault 

interpretation on seismic data. However, seismic attributes can highlight subtle non-structural 

features such as channel edges or noise. Some attributes are commonly used for the 

characterization of faults are volumetric dip, and azimuth, curvature, and coherence (Chopra et 

al., 2000, Alaei and Torabi, 2017, Bahorich and Farmer, 1995). 

Fault attributes may be applied to interpret seismic horizons or to the entire seismic volume 

directly. The attributes used for horizons are called grid-based attributes and look at the 

geometric orientation of the horizon. Fault identification, therefore, depends on the robustness 

of the interpretation of that horizon (Brown, 2011).  

The alternative method is to determine attributes directly from seismic data without including 

horizon interpretation. These are called volume-based attributes. The main seismic attribute 
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volume for fault imaging is coherence-based attributes such semblance, and variance. 

Coherence attributes calculate the similarity of adjacent traces and therefore enhance the 

discontinuities or edges in seismic data (Höcker and Fehmers, 2002, Bahorich and Farmer, 

1995, Gersztenkorn and Marfurt, 1999). This attribute reveals faults with different reflector 

orientations (Chopra et al., 2000). In conjunction with other attributes, structurally based filters 

can be used to smooth seismic data along structures to increase their visibility (Chopra and 

Marfurt, 2005, Weickert, 1998, Perona and Malik, 1990).  

However, even inside the same seismic cube, the seismic expression of complex structures such 

as faults can be significantly different. Multiple attributes and workflows must be applied to 

obtain optimal performance and understanding. The attributes should be correlated with the 

physical properties and features of interest to prevent false-positive correlations (Kalkomey, 

1997), i.e. faults and combined attributes should be mutually exclusive (Barnes, 2000). Some 

examples of such workflows based on attributes are provided in the literature. (Dutzer et al., 

2010) split the fault zone into inner and outer zones and use the attributes of semblance (The 

semblance examines the degree of similarity of all the traces along the chosen dip within the 

3D window described) (SEGWiki., 2017), dip and tensor (measurement of the dominant 

direction of the reflectors, based on the eigenvalues of the local gradient structural tensor) 

properties for the inner and the outer structural curvature. They evaluated the lateral thickness 

and changes in one selected seismic attribute response. This methodology improves the 

visibility of fault damage zones, including those at the limit of seismic resolution. (Iacopini and 

Butler, 2011, Iacopini et al., 2012) present a visualization workflow for the deep-water Niger 

Delta fold-and-thrust-belt. They use opacity; structurally orientated filters and volume attributes 

such as semblance, curvature, and spectral decomposition; and show correlation techniques 

such as volume rendering and blending, to improve imaging quality from seismic post-stack 

data. In high resolution, pre-stack data, (Joergensen and Alaei, 2015) use a set of attributes, 

coherence, tensor, and variance (Chopra and Marfurt, 2007), to obtain geometrically connected 

faults and fault characteristics that can also be seen in smaller outcrops. (Torabi et al., 2017, 

Libak et al., 2017, Alaei and Torabi, 2017)  integrated frequency decomposition with coherence 

attributes volumes to extract details of fault damage zone. 
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1.6 Thesis outline 

This thesis is divided into 6 chapters with a bibliography at the end. A brief description of each 

chapter is as follows: 

 Chapter 1: A description of the thesis contents along with motivation, aims, and 

objectives of this study and an introduction to the studied topics. 

 Chapter 2: An overview of the geological setting. 

 Chapter 3: A description of Neural Networks and Convolutional Neural Networks, the 

methodology and workflow of CNN and its application to geosciences, and 

recommendations and suggestions for better use of ML in the geosciences. 

 Chapter 4: Results obtained over the course of this study. 

 Chapter 5: Discussion of key results of this study. 

 Chapter 6: conclusions  
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Chapter 2: Geological setting: Evolution of the 

Northern North Sea 

The North Sea rift basin is located between Great Britain to the west, Shetland Island to the 

northwest, Scandinavia to the east, and France, Benelux, and Germany to the south. It is an 

intracratonic basin that lies on the top of the continental crust (Faleide et al., 2015), which  

covers an area of 575.000 km2 (NPDFactMaps., 2020) 

This rift basin was the result of lithospheric stretching; extensional forces caused crustal 

thinning and older structural elements controlled it. In this area, there are three significant 

basins: Witch Ground Graben (WG)/Moray Firth Basin (MF), Viking Graben (VG), and Central 

Graben (CG; Figure 2.1). These grabens constitute an aborted trilete system, which developed 

from the Late Carboniferous through two main activity phases: Permo-Triassic and Late 

Jurassic–Early Cretaceous. These are considered as an aulacogen (failed rift-arm) of the Arctic-

North Atlantic rift (Burke, 1977, Turcotte and Emerman, 1983, Ziegler, 1990b, Ziegler, 1992, 

Faleide et al., 2015). 
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Figure 2.1 The study area mark by the red rectangle in the North Sea geological regional setting 

context. Regional seismic sections in blue lines ( Figure 2.4) Structural features over the map show: 

Nordfjord‐Sogn Detachment Zone (NSDZ), Hardangerfjord Shear Zone (HSZ), Øygarden Fault 

Complex (ØFC), Tusse Fault System (TFS), Utsira Shear Zone (USZ), and Vette Fault System 

(VFS). Modified from (Phillips et al., 2019). 

Regarding rheology of the area, the upper part of the lithosphere is characterized by brittle 

deformation, expressed by tilted fault blocks limited by listric faults (the most common type of 

normal faulting in this region), which facilitated sediment loading. All these elements operated 

in concert as a lithospheric stretching mechanism. The lower part of the lithosphere is 

characterized by ductile deformation (McKenzie, 1978, Wernicke, 1985). 

The Horda Platform is a 300 km-long, N-S trending structural high in the eastern margin of the 

northern North Sea, proximal to the Norwegian coast (Whipp et al., 2014). Two rift basins are 

framed by the Horda Platform: the Stord Basin in the south and the Northern Horda Platform 

in the north. Structurally, the Horda Platform is limited to the east by the Øygarden Fault 
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Complex, which represents the easternmost border of rifting throughout the Mesozoic phases 

(Færseth et al., 1995, Færseth, 1996, Faerseth, 1997, Whipp et al., 2014). Precambrian and 

Paleozoic rocks outcrop to the east of this fault complex on the Norwegian mainland, to an 

estimated maximum depth of 8-10 km (Færseth et al., 1995). There is an abrupt thinning of the 

crust from the continent to the Horda Platform (Sellevoll, 1973, Hospers and Ediriweera, 1991). 

The Stord basin occupies a considerable part of the southern Horda Platform; it is limited by 

the Utsira High to the west and the Utsira East Fault to the north (Fazlikhani et al., 2017). The 

Utsira High separates this basin from the South Viking Graben and is conformed to crystalline 

basement rocks from the Devonian to the Triassic (Slagstad et al., 2011, Riber et al., 2015). 

2.1 Regional structural and tectonic evolution 

In the northern North Sea, the main structures are large rotated blocks that form half-grabens, 

which subsequently have developed asymmetric sedimentary infill (Nottvedt et al., 1995). 

These blocks were moved by several mechanisms, such as lithospheric stretching, sedimentary 

loading, subsidence, and thermal contraction. However, in addition to listric faults, planar 

faulting has also been recognized (Nottvedt et al., 1995). Due to the increased accommodation 

created during fault movement, sediments are thickened on the hanging wall of the faults, 

resulted in growth faulting (Faleide et al., 2015). 

(Ziegler, 1990b) outlined key tectonic phases for the northern North Sea’s complex geological 

history. These significant tectonic events divide its geologic evolution into five stages: 

i. Compressional tectonics of the Caledonian Orogeny due to continental collision along 

Baltic, Avalonian, and Laurentian margins during Late Ordovician–Middle Silurian.  

ii. During the Early Devonian, sizeable extensional shear zones developed. Consequently, 

the Caledonian Orogeny’s gravitational collapse took place during these rifting events 

and Devonian basins were formed. 

iii. Graben and half-graben structures appeared in a rifting phase, followed by the formation 

of several basins in the North Sea between the Carboniferous and Early Permian. 

iv. The Late Permian–Early Triassic and Jurassic–Early Cretaceous rifting stages, 

separated by Triassic–Jurassic intra rift stage, contributed to graben system formation 

in the North Sea. 

v. Reactivation of pre-existing faults and subsidence on a broad basin-wide scale during 

late Cretaceous to early Cenozoic caused mild tectonic inversion. 
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In the Late Cambrian, plate tectonic movement changed from divergent to convergent, 

beginning an extended compressional tectonic period. The Baltic and Laurentian tectonic plates 

collided, involving Avalonia secondarily, and this caused the closure of the Iapetus Ocean in 

the Mid-Late Silurian (Fossen, 1992, Dewey and Strachan, 2003, Riber et al., 2015) or about 

430 Ma (Andersen and Jamtveit, 1990, Jolivet et al., 2005, Corfu et al., 2006, Glodny et al., 

2008). This convergent process developed into an oblique sinistral continent-continent collision 

where the Baltic margin subducted beneath the Laurentian margin (Fossen, 1992, Dewey and 

Strachan, 2003). This caused nappes thrusting southeastwards over the Proterozoic Baltic block 

through the Caledonian weak décollement zone of micaceous rocks, thickening the crust 

through orogenic wedge processes for approximately 25 Myr (Fossen, 1992, Fossen, 2010, 

Fauconnier et al., 2014). (Soper et al., 1992) performed a tectonic plate reconstruction, 

displayed in Figure 2.2, which shows the collision evolution and where shear zones and major 

faults were active in three different periods. The resulting orogeny, comparable to the current 

Himalayas (Bjerkeli, 2019), caused marked crust thickening with an estimated depth of more 

than 100 km. Accordingly, the basement rocks experienced ultra-high pressure metamorphism, 

resulting in the formation of eclogites (Fossen, 1992, Færseth, 1996, Kylander‐Clark et al., 

2009, Hacker et al., 2010, Labrousse et al., 2010, Krogh et al., 2011). Furthermore, 

(Christiansson et al., 2000), identified a high density and velocity section in seismic data below 

the Horda Platform as part of the orogeny roots with a possible eclogitic composition. This 

basement is heterogeneous and composed of metasedimentary and magmatic rocks (Slagstad et 

al., 2011). 
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Figure 2.2 The Caledonites evolution; North Atlantic, based on (Soper et al., 1992). From 

(Bjerkeli, 2019). 

The compressional regime continued until the Middle Silurian. An extensional regime started 

from the Late Silurian, seen in sinistral faults and transfer movements located among the 

Laurentian and the Baltic shields (Fossen, 1992, Osmundsen and Andersen, 2001, Osmundsen 

et al., 2003, Braathen et al., 2002, Dewey and Strachan, 2003). An orogen-wide zone was 

affected by intracontinental stretching (Odinsen et al., 2000), which began between 420 to 410 

Ma (Braathen et al., 2002). 
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Tectonic thinning is observed in the Caledonian nappe stack in the west of Norway, evidenced 

by mylonitic zones truncating the ancient compressional structures that underlie the Devonian 

basins(Andersen and Jamtveit, 1990). The NE-SW Caledonian crustal framework development 

inherently controlled the North Sea basin formation by changing the geometry of Mesozoic 

rifting events and controlling thermal subsidence in the Cenozoic (Ziegler, 1990a, Stewart et 

al., 1992, Bartholomew et al., 1993, Færseth et al., 1995, Smethurst, 2000). 

It is possible, according  (Fossen, 1992), to subdivide this period into two phases: a) Caledonian 

nappes collapse and significant thrust fault reactivation (Fossen, 1992, Fauconnier et al., 2014); 

and b) crustal-scale extensional shear area development, creating intermontane Devonian 

basins, which were infilled mostly by continental alluvial and fluvial sediments (Andersen, 

1998, Steel, 1976, Ziegler, 1988, Ziegler and Van Hoorn, 1989, Hossack, 1984, Osmundsen 

and Andersen, 2001). These basins, e.g., Midland Valley, Orcadian, Spitsbergen, Ørlandet, and 

Hornelen-Solund, are exposed in the western offshore of Norway (Fossen, 1992, Fossen and 

Hurich, 2005, Gee et al., 2008). Nevertheless, according to (Færseth et al., 1995), interpreting 

these deep Paleozoic structures with any certainty is complicated. Basement depth has been 

mapped with potential fields (gravity and magnetic data) and seismic reflection data 

(Klemperer, 1988, Fichler and Hospers, 1990, Hospers and Ediriweera, 1991). 

By the Late Carboniferous, the Arctic-North Atlantic rift system had begun to form grabens 

configured into a trilete system. This occurred in two crucial rift stages. The First Rift Stage is 

assumed to have started in the Late Permian. The axis was beneath the Horda Platform and 

extended west during the Permo-Triassic stretching. This stretching was restricted to the east 

by the Øygarden Fault Complex and the west by Hutton Fault alignment (Odinsen et al., 2000). 

Uncertainties remain about the initiation time of this rift. Some authors (Ziegler, 1982, Ter 

Voorde et al., 2000, Bell et al., 2014) suggest 261-225 Ma for when the rifting initiated, utilizing 

dating from sedimentary rocks, fault rocks, and dikes. Activity for the First Rift Stage ceased 

after 25-37 Myr at the Early Triassic, which was probably related to the splitting of the Pangea 

supercontinent (Ziegler, 1982, Ziegler, 1990a, Ter Voorde et al., 2000). 

Around 70 Myr, regional tectonic activity paused. However, sedimentary infill continued, 

mainly caused by thermal subsidence. Due to sedimentary loading, the subsidence process 

accelerated through steep, dipping faults located in the basin margins. One of these faults, the 

Øygarden Fault Complex, was pivotal to basin development and continue to be active 

throughout the Triassic (Badley et al., 1988, Christiansson et al., 2000). The presence of a 

thermal dome during the Middle Jurassic has been inferred by (Underhill and Partington, 1993) 
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through extensive mapping of unconformities, which show a pattern of concentric and elliptical 

stratigraphic truncations. 

The second main rift stage event in the North Sea began in the Middle Jurassic (Ziegler, 1982, 

Ziegler, 1992, Ter Voorde et al., 2000). The Mid-Jurassic thermal dome located in the central 

part of the North Sea, according to several authors, was the triggering mechanism (Ziegler, 

1990a, Underhill and Partington, 1993, Underhill and Partington, 1994). Compression (Ravnås 

and Bondevik, 1997) and relaxation of the thermal dome created strain over the region, 

subsequently causing development of a trilete rift system.(Davies et al., 2001). Changes in the 

intra-plate stress regime caused an area of lithospheric weakness, which in turn allowed 

sequential faulting and rifting (Ravnås and Bondevik, 1997, Davies et al., 2001, Nøttvedt et al., 

2008). 

After the Jurassic rifting event ceased in the Early Cretaceous, a passive thermal subsidence 

occurred in three phases (Gabrielsen et al., 2001). The broad subsidence and its depositional 

configuration indicate alternative tectonic mechanisms to the (McKenzie, 1978) model, due to 

the influence of the basin system (Gabrielsen and Braathen, 1998). The three phases of this 

subsidence were: 

I. Sediment supply heavily influenced by local structure elements (Ryazanian – Latest 

Albian). 

II. Increase in the sedimentation rate until greater than the rate of subsidence (Cenomanian 

– Late Turonian). 

III. Thermal equilibrium reached in the late post-rift stage (Early Coniacian – Early 

Palaeocene). 

Thermal cooling, contraction, and relaxation of the hot crust caused subsidence to cease. Later, 

bounding faults on sides of the basin reactivated and influenced basin geometry. 

2.2 Structural Framework of the Horda Platform and Stord Basin 

The Horda Platform is a 300 km-long, N-S trending structural high over the northern North Sea 

eastern margin, next to the Norwegian coast (Whipp et al., 2014). It is bordered southward by 

the Åsta Graben and northward by the Måløy Slope and Lomre Shear Zone. Geologically, it is 

limited eastward by the Øygarden Fault Complex, to the north by the Nordfjord-Sogn 

detachment, north-westward by the Viking Graben, westward by the Utsira High, and 
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southward by the Hardangerfjord Shear Zone. The Horda Platform frames the Stord Basin in 

the south and the Northern Horda Platform in the north (Phillips et al., 2019). 

These areas are surrounded by structures linked to key tectonic phases. The western edge of the 

Horde Platform is formed by the Oseberg Fault Block and the Utsira High, to the north and the 

south, respectively. Westward, the Brage Horst is a high with N-S strike direction. Just south 

of the Brage Horst, and also with a N-S strike, is the Utsira High, an interbasin high that formed 

during the First Rift Event (Phillips et al., 2019). Both the Stord Basin and Northern Horda 

Platform are bordered by the Øygarden Fault Complex to the east. The Øygarden Fault 

Complex, and northward the Nordfjord-Sogn detachment, represent the extent of the Mesozoic 

rift in this area of the North Sea (Færseth et al., 1995, Faerseth, 1997, Færseth, 1996) (Figure 

2.3). 

The Northern Horda Platform (Figure 2.4 A), according to (Whipp et al., 2014), is controlled 

by west-dipping, N-S striking faults, named the Tusse, Vette, Svartav, and Troll Fault Systems. 

These faults define three gently eastward-tilted fault blocks, which internally display minor 

(<100 m) displacement caused by mostly NW-SE striking faults. This indicates two distinct 

fault families: 

1) The N-S, west-dipping faults of the Vette, Tusse, Svartav, and Troll Fault Systems. The 

strike of these fault systems broadly changes from N-S to NE-SW toward the north, 

close to the limit of the Lomre Terrace. These faults are up to 60 km in length, with 100 

to 600 m displacement. Lateral spacing between them is 10 to 15 km in the south, which 

becomes less than 6 km in the north. They are planar, dip 60° to 80°, and their upper 

tips are in Tertiary formations. The largest of this family is the Tusse Fault System with 

a maximum throw of 500 m (Whipp et al., 2014). The Vette Fault System shows a 

notable bend halfway along its length, turning its strike E-W and dip north, which 

corresponds to a domain boundary (Fossen et al., 2017) that correlates to the Lomre 

Shear Zone (Fazlikhani et al., 2017).  

2) The NW-SE striking normal faults. These do not show a “preferred” dip direction, are 

2 to 10 km long, have a throw of 30-100 m, and are closely spaced at 0.5 to 5 km. It is 

generally agreed that this fault population formed after the population of N-S/NE-SW 

faults but also became inactive prior to the N-S/NE-SW faults. (Whipp et al., 2014). 
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Figure 2.3 Permo-Triassic rifting surface time-structure map, showing the northern North Sea 

rift with the southwestern geology of Norway. The main rift-related normal faults are marked 

with bold black lines. Thin black lines represent 2-D seismic reflection surveys. Relevant 

structures on the map: Nordfjord-Sogn Detachment Zone (NSDZ); Bergen Arc Shear Zone 

(BASZ); Western Gneiss Region (WGR); Øygarden Complex (gneiss; ØC); Øygarden Fault 

System (ØFS); Hardangerfjord (HSZ), Karmøy (KSZ), and Stavanger (SSZ) shear zones. From 

(Fazlikhani et al., 2017). 

The Stord Basin is a half-graben (Figure 2.4 B) that comprises the south of the Horda Platform; 

it’s tectonically part of the Horda Platform and acts as the east flank of the Viking Graben. It 
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exists in one structural domain, bound to the east by the Øygarden Fault Complex, to the west 

by the Utsira High, to the north by the Utsira Shear Zone and an intra-basinal high (60°N to the 

north), and to the south by the Hardangerfjord Shear Zone(Fazlikhani et al., 2017). The Stord 

Basin is separated from Utsira High through east-dipping faults on its western margin; these 

faults generally strike N-S, but vary to NE-SW at the north of the basin. The west-dipping faults 

of the Øygarden Fault Complex define the Stord Basin’s eastern margin.; this fault complex 

strikes N-S in the north end turns to NE-SW at the southern end of the basin (Phillips et al., 

2019). The Stord Basin’s width varies between 30 and 80 km at basement, and it’s 

approximately 190 km long. The basin wasn't covered by the Permian sea during its formation, 

but rather developed as a continental rift basin during the Permian-Triassic rifting phase and 

became tectonically stable during the mid-Late Jurassic (Ågotnes, 2016). The basin is mostly 

infilled by Permian-Triassic sediments (Fossen et al., 2017, Ågotnes, 2016, Fazlikhani et al., 

2017).  
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Figure 2.4 Seismic sections through the northern North Sea rift (Figure 2.1). (A) The seismic section extends from the East Shetland Basin (west) to the 

Northern Horda Platform (east). (B) The seismic section extends from the Central Viking Graben (west) to the Stord Basin (east). From (Phillips et al., 

2019).
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During the first rift stage in the Late Permian to Early Triassic (Figure 2.5 A), the Stord 

Basin and the Northern Horda Platform were the biggest depocenters along the eastern 

margin of the rift (Phillips et al., 2019) through accommodation built by active N-S 

striking normal fault movement (Færseth and Ravnås, 1998, Faerseth, 1997, Færseth, 

1996). The Stord basin has several internal depocenters; the largest is located within the 

hanging wall of the east-dipping faults on the western basin margin (Phillips et al., 2019) 

(Figure 2.6). The Tusse, Vette, and Øygarden faults in the Northern Horda Platform built 

a N-S striking half-graben with divergent syn-rift wedges (Phillips et al., 2019).  

Throughout the Early to Middle Jurassic, the Northern Horda Platform was controlled by 

post-rift thermal subsidence (Roberts et al., 1995, Roberts et al., 1993, Steel, 1993). The 

eastern fault system was not active during this period, indicating that the beginning of the 

extension for the Horda Platform was diachronous (Helland-Hansen et al., 1992, Færseth 

and Ravnås, 1998, Steel, 1993). A period of relative tectonic dormancy took place during 

the Middle to early-Late Jurassic (Dreyer et al., 2005) (Figure 2.5 B), during which the 

Horda Platform constituted a quietly subsiding block controlled by the Øygarden Fault 

Complex. Neither N-S nor NW-SE striking fault families were active in this period 

(Whipp et al., 2014). Nevertheless, a subtle wedge-shaped sedimentation in the Horda 

Platform western margin indicates the activation of rift-related normal faulting from Late 

Bajocian to Middle Callovian until latest Oxfordian (Rattey and Hayward, 1993, Steel, 

1993, Ravnås and Bondevik, 1997, Ravnås et al., 2000, Færseth and Ravnås, 1998). 

(Phillips et al., 2019)suggest that there was no significant tectonic activity during the 

Second Rift Event in the Late Jurassic, because no syn-rift divergent wedges are observed 

in the hanging walls of the Tusse, Vette, and Øygarden Fault Systems. (Whipp et al., 

2014) interpret that during the Late Kimmeridgian to Late Berrisian, extension occurred 

in both the N-S and NW-SE striking fault populations, causing the main fault blocks to 

be rotated to the east. At this time, the central and south portions of the Tusse Fault System 

broke to the surface, initially categorized by a series of relatively short segments which 

were separated by an anticline (Schlische, 1995, McLeod et al., 2000, Young et al., 2001).  

The Cretaceous (Figure 2.5 C) marks the end of the Second Rift Event. Depocenters 

formed on the hanging walls of the Tusse, Vette, and Øygarden Fault Systems; the strata 

show syn-rift divergent forms that indicate reactivation of these faults (Bell et al., 2014). 

This fault activity could have migrated eastward from Svartav Fault System. In the 

earliest Cretaceous, fault-controlled subsidence and fault-block rotation processes 



 

25 

 

continued. The complex depocenter distribution on the Tusse Fault System hanging wall 

dip slope is evidence of contemporaneous activity on both the N-S striking and NW-SE 

striking fault families. During the Late Cretaceous, movement on the N-S striking faults 

caused a significant expansion of the syn-rift depocenters, while the NW-SE-striking 

faults had become quiescent. Additionally, during the Valanginian-to-Barremian, the 

previously anticline-isolated segment boundaries of the Tusse Fault System became 

associated with bathymetric relief due to an underfilled basin. During the Aptian to 

Albian, the individual segments linked and developed into a through-going fault system 

(Whipp et al., 2014). 

Finally, in the Paleocene to Lower Eocene, active faults and rotation of fault blocks 

ceased, and rift-related relief remnants were filled. The thermal processes induced 

subsidence following the failure and abandonment of the North Sea Rift (Roberts et al., 

1993, Lepercq and Gaulier, 1996, Gabrielsen et al., 2001). 
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Figure 2.5 Northern North Sea rift multiphase evolution regional model. (A) Devonian shear zones during First Rift Event delineate and control the 

depocenters in the Stord and East Shetland Basins. (B) The Second Rift Event is evident in the Viking Graben, Song Graben, and the East Shetland 

Basin, while minimal activity occurred in the Horda Platform, the Utsira High, and the Lomre Shear Zone. (C) Northward migration of rift activity 

during the later stages and after the Second Rift Event. Along the NE-trending Marulk and Magnus Basins, reactivation of faults occurred through 

the Northern Horda Platform due to local flexure. From (Phillips et al., 2019)
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Figure 2.6 Interpreted time‐thickness map for First Rift Event strata. The locations of crucial 

Devonian structures are represented as red lines (after Fazlikhani et al., 2017). In the map: Ninian 

Shear Zone (NSZ), Brent Shear Zone (BSZ), Tampen Shear Zone (TSZ), Lomre Shear Zone 

(LSZ), Utsira Shear Zone (USZ), Øygarden Shear Zone (ØSZ), Hardangerfjord Shear Zone 

(HSZ), Karmøy Shear Zone (KSZ), Western Boundary Fault (WBF), Tusse Fault (TF), Vette 

Fault (VF), Øygarden Fault Central (ØF (C)), Øygarden Fault Southern (ØF (S)), Åsta Fault (ÅF). 

From (Phillips et al., 2019) 
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2.3 Stratigraphy of the Horda Platform and Stord Basin 

It is generally believed that Devonian sediments are widely present in the deeper sections of the 

Triassic half-graben under the Horda Platform, though few wells have been drilled through 

those strata (Faleide et al., 2015). (Marshall and Hewett, 2003) suggest that these sediments 

could have been deposited in continental conditions. Continental deposition of the sandstone 

and mudstone Hegre Group occurred in the Permian and Triassic on the Horda Platform; this 

is considered the lowest part of the inter-rift strata (Lervik, 2006, Steel and Ryseth, 1990) Figure 

2.7. 

During the Early to Middle Jurassic (Figure 2.7), fluvial deltaic and shallows marine sediments 

were deposited at the top of the inter-rift strata, including the Brent, Statfjord, and Dunlin 

Groups (Helland-Hansen et al., 1992, Steel, 1993, Færseth and Ravnås, 1998). The start of the 

Second Rift Event extension is marked by the deposition of the Ness and Tarbert Formations, 

which comprise the Brent Group (Helland-Hansen et al., 1992, Deng et al., 2017, Bell et al., 

2014). The Horda Platform uplift and westward tilting during deposition of the Brent Group 

(Helland-Hansen et al., 1992) provides further evidence for faults initiating along the western 

Horda Platform during Late Bajocian to Middle Callovian (Whipp et al., 2014). 

The Viking Group (middle Jurassic-Lower Cretaceous) is composed of four marine formations, 

the lower three of which are stacked, regressive, shallow marine clastic sequences called the 

Krossfjord, Fensfjord, and Sognefjord Formations. Deposition of the Viking Group was 

affected by increasing rates of fault-driven subsidence during the Second Rift Event (Dreyer et 

al., 2005, Bell et al., 2014). During the Late Kimmeridgian to Late Berriasian, the deep marine 

mudstones of the Draupne Formation, the upper-most member of the Viking Group, were 

deposited after flooding (Bell et al., 2014). 

The Viking Group is truncated by the Cretaceous Unconformity ((KyrkjebØ et al., 2004); 

Figure 2.7), which is related to the end of the Second Rift Event. This unconformity likely 

developed due to the decrease in strain rate rather than complete cessation of fault activity. The 

uplift of surrounding clastic sources and tectonic subsidence affected the sedimentary 

architecture of the Cenozoic northern North Sea basin (Faleide et al., 2002). The deep water 

clastics of the Viking Group and carbonates of the Cromer Knoll and Shetland groups were 

buried by mud-dominated Cenozoic sediments (Deng et al., 2017). 
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Figure 2.7: Synthetic seismogram showing the Horda Platform lithologies, characteristics, and 

ages of the main Groups and Formations, along with important markers (after (Færseth, 1996, 

Whipp et al., 2014) and modified from (Bell et al., 2014). The tectonic column is based on the Tusse 

Fault System and nearby structures after (Whipp et al., 2014). The prototype seismic stratigraphy 

is from seismic reflection section 2D survey data. Abbreviations: Period (P), Epoch (E), Central 

North Sea thermal dome growth and deflation (TD) (Bell et al., 2014) 
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Chapter 3: Method: Machine Learning and fault 

imaging using Machine Learning 

3.1 Introduction  

Machine learning (ML) is a technology of artificial intelligence (AI) that enables systems to 

learn and develop from data, without explicit programming. Arthur Samuel first introduced the 

term in 1959 (Samuel, 1959).The first artificial neural network was proposed by Rosenblatt in 

1958 and was called the Perceptron (Kanal, 1993). However, there was not much progress in 

the field until the 1980s, when Hopefield suggested a bidirectional network in 1982. Today, 

neural networks use backpropagation to learn the weights of the neurons—this algorithm was 

introduced in 1986. It enables multiple layers to be introduced in a network. Still, despite this 

progress, not much attention was given to the field until, in 1997, the IBM computer Deep Blue 

beat the world chess champion. The 21st century has seen a significant growth of ML in 

applications across many domains and industries. The advent of GPUs has enabled neural 

networks with many hidden layers or deep learning models to be trained in a feasible amount 

of time. This step was not possible in the 1980s due to limited computing and memory 

capabilities of computers back then. Several big companies have launched deep learning 

projects, including the 2012 Google project called Google Brain, the purpose of which was to 

recognize patterns in images and videos. Similarly Alex Net (Krizhevsky et al., 2012) won the 

ImageNet competition by a substantial margin in 2012. Since then, several other various deep 

learning architectures have been introduced, which have continued to show substantial 

improvements in their respective tasks. With the advent of cloud computing, GPUs and TPUs, 

and specialized deep learning libraries like TensorFlow (TensorFlow: A System for Large-

Scale Machine Learning), large and small businesses can easily and quickly deploy deep 

learning models to solve their specific business problems and needs. As such, machine learning 

has now become an integral part of the modern future, where it is now synonymous with a 

bigger field of data science that incorporates ML, data mining, feature engineering, and other 

concepts. The application of ML algorithms in various tasks has been shown to transform our 

daily lives by providing systems that efficiently process and transform data in order to learn 

useful insights from it and give predictions on future events. Generally, we can write an ML 

algorithm as a function of the form 

𝑦 = 𝑓(𝑥)   ---------------1 
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Here 𝑥 is the input, 𝑦 is the output, and 𝑓 is the function learned by the ML algorithm in order 

to generate predictions on unseen data. 

There are numerous applications of ML across many industries and domains. Here, the most 

notable and prevalent are listed: 

Algorithmic trading  

This application involves the uses of sophisticated ML models to make a decision on when to 

buy or sell a stock, based on data trends. In this context, deep neural networks (Sezer and 

Ozbayoglu, 2018) have been successfully employed to show improvements in making trading 

decisions. 

Online fraud detection 

This application involves using ML to predict whether a transaction is fraudulent or suspicious 

(Bhattacharyya et al., 2011). This is particularly useful for banks, which want to minimize the 

use of credit cards for making fraudulent transactions and thus prevent loss of revenue and 

avoid bad customer experiences. 

Natural Language Processing (NLP) 

As more and more text data is generated, the application of ML algorithms to language has seen 

a lot of success in recent years, such as sentiment analysis (Boiy and Moens, 2009), user 

behavior analysis (Luo et al., 2019), spam email detection (Luo et al., 2019), and more. 

Health  

Various ML algorithms have been utilized for electronic health record analysis (Shickel et al., 

2017). Similarly, in genomics, deep learning algorithms have been utilized to understand and 

predict regulation by enhancers and promoters (Park and Kellis, 2015), as well as to study RNA 

modifications (Alipanahi et al., 2015).  

Surveillance 

ML algorithms, specifically computer vision ones, have been used for security and surveillance 

applications, such as vehicle identification (Liu et al., 2016), observing water levels (Pan et al., 

2018), and traffic surveillance (Liu et al., 2017). 

Speech and speaker recognition  

The first few avenues where deep learning was shown to be successfully employed and offer 

huge performance gains over previous ML models was in the speech and speaker recognition 
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field (Lei et al., 2014). These models have been utilized to provide speech recognition 

capabilities on the smartphone as well. 

3.2 Machine Learning algorithms 

Machine learning algorithms can be broadly classified into different types depending on the 

nature of the inputs and the required outputs. Below are the four main types of machine learning 

paradigms. 

I. Supervised learning 

As the name implies, these ML algorithms learn patterns in the data, given a target variable or 

serval target variables. These algorithms require training data to be able to generate predictions 

on unseen data for instance, predicting stock prices given historical trends or recommending 

movies to users, etc. Simply put, supervised learning algorithms require examples of the task 

beforehand, in order to be able to predict based on unseen data independently. Supervised 

learning algorithms are well suited in applications that require readily available training data 

with a clear definition of a target variable. Consider an example of building a model that can 

distinguish between images of cats and dogs. In this case, the system is given training images 

of several dogs and cats with their labels. During the training phase, the systems learns features 

of dogs and cats, such as shape of eyes, nose, ears, etc. After training, the system can then 

provide predictions of dogs/cats based on unseen images by relying on features learned in the 

training phase. In this case, for 𝑦=𝑓(𝑥)   , 𝑦 would be either 1 or 0 where 1 could represent a 

dog and 0 a cat or vice versa, and 𝑥 would be the pixel values. Depending on the target output, 

supervised learning algorithms can further be classified into classification and regression 

algorithms.  

a) Classification algorithms 

Classification algorithms operate on the principle of providing a target class label given training 

data. This would fit the example of cats and dogs where the output is a label. An example of 

these would be binary classification algorithms, such as SVM (Corinna and Vapnik, 1995), 

which provides a class label by forming a decision boundary to distinguish between two given 

classes. An example of classification in geoscience is the identification of fault class from 

background host rock in seismic data. 
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b) Regression algorithms 

Contrary to classification algorithms, regression algorithms aim to provide a continuous value 

as their output. Consider, for example, a model that predicts the porosity of a formation based 

on various logs, such as sonic, density, and gamma ray. For this case, 𝑦 in 𝑦=𝑓(𝑥)    would be 

a continuous value, which can take on numeric values, while 𝑥 would be a multidimensional 

vector. 

II. Unsupervised learning 

These algorithms are useful in cases where a target variable is unknown. These are the set of 

algorithms that do not require a target variable but, rather, find hidden patterns in the data and 

group it into similar objects. Examples of unsupervised algorithms include clustering 

algorithms, which utilize the hidden patterns in the data to group similar objects together, such 

as the k-means algorithm (Likas, 2003). As an example, consider a scenario where we have 

hotel booking data from several hotels, across countries, and several attributes for each hotel, 

such as size and reviews. In this case, we might be interested to know how many potential 

avenues exist for the business to market differently, such as lowering prices to attract more 

bookings. This can be achieved by unsupervised algorithms, which will utilize the attributes to 

group the hotels into different clusters e.g., hotels with less bookings would form one cluster. 

Thus, unsupervised algorithms can provide useful insights from the data, which can then be 

utilized for various purposes. 

III. Reinforcement learning  

This class of algorithms is concerned with an agent making a sequence of decisions that 

maximizes a certain objective. For example, this could be the sequence of steps needed to win 

a game of chess. These algorithms operate on a reward and penalty principle to successively 

train software agents, which become trained on making the correct set of actions leading to 

success in a scenario (Kaelbling et al., 1996). This is demonstrated in Figure 3.1, where an agent 

interacts with an environment by taking an action, and it receives an observation or reward 

based on a policy. This sequence of operations enables the agent to eventually learn the 

sequence of steps required for a task.  
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Figure 3.1 A typical reinforcement learning paradigm 

IV. Semi-supervised learning  

Semi-supervised learning is an intermediate between supervised and unsupervised learning. In 

this case, some training data have labels, whereas some are missing labels. In some scenarios, 

algorithms require human intervention as part of the initial training before they become 

autonomous and fully automated. Some of these algorithms will automatically check for 

unlabeled observations that can boost the performance of supervised base-learners, who are 

initially trained on a limited number of labelled observations. The traditional semi-supervised 

learning environment includes a dataset containing observations with a label and observations 

for which the label is unknown. 

𝑥𝑙 = (𝑥1, 𝑥2, … . , 𝑥𝑙) ---------------2 So, its labels 

             𝑦𝑙 = (𝑦1, 𝑦2, … , 𝑦𝑙 ) ---------------3 

And a set of q unlabeled observations without any known labels       

𝑥𝑞 = (𝑥𝑙+1, 𝑥𝑙+2, … . , 𝑥𝑙+𝑞) ---------------4 

For a practical implementation of semi-supervised learning, the number of unlabeled 

observations significantly outweighs the number of identified observations: 𝑞 ≫ 𝑙. 

Semi-supervised learning outlines two primary forms of learning: Inductive learning and 

Transductive learning (Chapelle et al., 2009, Zhu, 2008). Inductive learning is called the general 

semi-supervised setting, in which an algorithm learns a function from a combination of labelled 

and unlabeled data to classify unseen data. Transductive learning, initiated by (Vapnik, 1998), 

often uses unlabeled findings during training as well but cannot deal with hidden data. 

Transductive algorithms can only predict unlabeled observations which are also part of the 

training process. In the following a brief description of main ML algorithms is given. 
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3.2.1  Neural Networks  

Neural networks, also known as artificial neural networks (ANN), are machine-learning models 

inspired by human cognition, specifically how neurons cooperate and process information. The 

first ML model based on this idea was proposed by Rosenblatt in 1958, called the Perceptron 

(Kanal, 1993). A neural network is comprised of serval neurons that are connected with each 

other in layers. When a certain condition is satisfied, the neuron gets activated and transfers the 

information to the next neuron. Each neuron learns some specific information about the task, 

and the cooperation of several neurons in layers enables them to learn a specific task like human 

minds do. During training, the neurons are initialized with random weights, and after training 

they acquire values, which enable them to learn specific tasks, such as recognizing car plates in 

an image. Neural networks are able to learn from training examples, without defining any 

specific rules—instead, these networks form complex nonlinear rules in high-dimensional 

spaces. This is the main strength of neural networks and is what gives them the ability to learn 

rules from any given training data. How generalized the rules are and how well the network 

performs varies from dataset to dataset. There are several different architectures of neural 

networks; below is a discussion of some of the most popular and widely used architectures. 

3.2.1.1 Feed-Forward Networks 

Feed-forward neural networks are unidirectional. These are the simplest and earliest 

architectures of neural networks (Schmidhuber, 2015) and have been successful in many tasks. 

Figure 3.2 shows the architecture of a single hidden layer feed-forward neural network. The 

extreme learning machine (ELM) model was initially proposed as a training algorithm for single 

hidden layer feed layer neural networks (SLFNs), in which the input’s weights and hidden 

biases are distributed randomly. This procedure reduces the SLFNs to a linear system and helps 

us to evaluate the output weights using the least squares (Li et al., 2019a). Recently, ELMs are 

a simple unified learning system for SLFNs, polynomial networks, SVMs and other data-driven 

techniques that can be applied to regression and multi-class classification issues. Suppose there 

are 𝑁 number of classes  and 𝑇 training samples, {𝑥𝑡, 𝑦𝑡}; 𝑡 =  1 … , 𝑇 where 𝑥𝑡 ∈ 𝑅𝑝  and 𝑦𝑡 ∈

𝑅𝑞 . Here 𝑥𝑡 is a 𝑝 dimensional feature vector and 𝑦𝑡 is the corresponding output vector or target 

labels for a supervised learning problem. The objective of training a classifier, then, is to learn 

a mapping function in Equation 1, which maps the input feature vectors to their corresponding 

target labels. For a single layer feed-forward neural network with 𝐿 hidden neurons, the 

approximation �̂� of the mapping function is defined as follows: 

 �̂� = ∑ 𝛽𝑖𝐺(𝛼𝑖, 𝑏𝑖 , 𝑥𝑡)𝐿
𝑖=1  --------------6 
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Where 𝛼𝑖 ∈ 𝑅𝑝 , 𝑏𝑖 ∈ 𝑅  , 𝑏𝑖 ∈ 𝑅𝑞  and 𝐺𝑝+1  So, R is respectively the input weights, bias, output 

weights, and activation function of the ith hidden node. For an N input-output pattern data set 

(𝑥𝑡, 𝑦𝑡) ∈  𝑅𝑝 × 𝑅𝑞  , The β parameters of ELM can be calculated by finding a linear system's 

least-square solution. In matrix notation, we can write Eq. 6 as 

 𝐻𝛽 = 𝑌  ---------------7 

The weights are initialized with random values and the outputs are calculated; the 

backpropagation algorithm is then used to find the optimal weights (Schmidhuber, 2015). 

Different activation functions are used, such as sigmoid, ReLU, etc. depending on the 

application. 

 

Figure 3.2 Neural Network architecture of a single hidden layer feed-forward neural network. 

The output at a single neuron in the hidden layer can be expressed as 

𝑜𝑖 = 𝜎(∑ 𝛼𝑖𝑥𝑘 + 𝑏𝑘 )  ---------------8 

Here, 𝜎 is the activation function, and 𝑏 is the bias. There are many kinds of activation 

functions, depending on the task and application. Figure 3.3 highlights some typical activation 

functions. The task of an activation function is to introduce nonlinearities in the learning 

process, except for the linear activation function. 
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Figure 3.3 Different kinds of neural network activation functions (Datacamp, 2019). 

To train the neural network, the weights 𝛼𝑖 and 𝑏𝑖 are initialized randomly. Given a learning 

rate of 𝛾, the backpropagation algorithm is used to find the optimal weights using the gradient 

descent method either in mini batch or in a batch wise fashion to find the optimal minima 

recursively. More broadly, for neuron 𝑖 in hidden layer 𝑗, the weight can be updated as 

∆𝑤𝑖𝑗 = − 𝛾
𝜕𝐸

𝜕𝑤𝑖𝑗
     -------------9 

The cost functions can be defined as the mean square error between the expected and true 

outputs.  

 

𝐽(𝑤) =  
1

2
∑ 𝑦 −𝑡  �̂�. -------------10  

 

The cost function is minimized, as shown in Figure 3.4, by using a gradient descent algorithm. 
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Figure 3.4  Error minimization for a neural network (Medium, 2017). 

 

After each epoch, the weight is updated as  

 

𝑤 = 𝑤 + ∆𝑤.    -------------11 

 

3.2.1.2 Deep Neural Networks (DNNs) 

Building on the idea of a single hidden layer, deep neural networks, as the name suggests, 

operate by having multiple hidden layers between the input and the output layer. This allows 

them to learn more complex and nonlinear relationships, which are not possible with having 

just one hidden layer. This, however, comes at the cost of having many parameters that need to 

be tuned/learned as well as the need to have a large amount of training samples, or else there is 

a risk that the network will start overfitting the training data. Figure 3.5 shows the architecture 

of a deep neural network, which is a feed-forward network with four hidden layers, where each 

neuron in one layer is connected to every neuron in the next layer. This allows the network to 

learn nonlinear complex representations of the data. 
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Figure 3.5 A deep neural network with four hidden layers. 

 

3.2.1.3 Convolutional Neural Networks (CNNs) 

A convolutional neural network is a specific type of deep learning network that has specific 

sampling and convolutional layers that allow it to learn hierarchical feature representations from 

information-rich data sources, such as images, videos, etc. Figure 3.6 shows the architecture of 

a convolutional neural network that is learning how to identify items on the road, such as cars, 

bicycles, and trucks. The convolutional layer learns spatial and temporal variations in an image 

by learning feature maps or filters. These are the convolution layer filters, which are typically 

3 𝑥 3 or 5 𝑥 5 filters and are multiplied over the range of pixel values with a particular stride. 

The weights of these filters are again learned through backpropagation and sent to the end of 

the training. They represent the feature maps representative of the training set (Saha, 2018). 

The pooling layer provides dimensionality reduction by only keeping the most important 

features from the convolution layer. This also serves to improve the computational speed of the 

learning process. After pooling, the outputs are flattened and are fed to a fully connected layer.  
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Figure 3.6 The architecture of a convolutional neural network (Saha, 2018). 

3.2.1.4 Self-Organizing Maps (SOMs) 

Self-organizing maps are types of neural networks that are useful for unsupervised learning 

tasks. These networks perform dimensionality reduction by providing a low-level 

representation of the input feature space. These networks learn by employing competitive 

learning schemes (Kohonen, 1997): given a set of data points, all the data points compete for 

representation. Weight vectors are initiated by the SOM. The next step selects a sample vector 

randomly, and the weight that is most representative of the sample is found by searching the 

weight vectors map. The chosen weight becomes more likely than by random chance, while the 

neighbors of the chosen weight vector also get rewarded. The number of neighbors and their 

learning ability decreases with time. The process is iterated several times. 

3.2.1.5 Recurrent Neural Networks (RNN) 

Recurrent neural networks have bi-directional connectivity, in contrast to feed-forward neural 

networks. In other words, the information forms a loop in these networks. This gives them the 

ability to consider temporal relationships in the data while learning a task. These networks have 

an internal memory state that allows them to handle variable-length inputs. This makes them 

particularly adept for handwriting detection (Graves et al., 2008), speech recognition (Hannun 

et al., 2014), and more. Figure 3.7 shows the architecture of a recurrent neural network where 

the hidden layers form a loop to transfer information between them. Each neuron receives an 

input from the previous neuron and the current input to produce an output. These networks take 

not only the current input, but also the historical inputs into account. This is especially useful 

for sequence-based tasks where the samples have dependences or correlations with each other 

for instance, time series forecasting.  
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Figure 3.7 The architecture of a recurrent neural network (Gupta et al., 2019) 

 

Long Short-Term Memory Networks (LSTMs) 

LSTMs were introduced in 1997 (Hochreiter and Schmidhuber, 1997). These are a kind of RNN 

that can model long-term dependencies in the data while solving the problem of vanishing 

gradients. Figure 3.8 shows the architecture of an LSTM. It consists of four interacting neural 

network layers, allowing them to forget or remember information in a selective fashion. The 

gates in this architecture are the forget gate, the input gate, and the output gate. These gates 

regulate information to the cell state. The forget gate allows previous information that is deemed 

redundant to be removed from the network, whereas the input gate allows new information to 

be added. The output gate produces an output given all other gates and the state.  

 

 

Figure 3.8 The architecture of an LSTM network (Olah, 2015). 

Hopfield Networks  

A Hopfield network is a single-layer recurrent neural network that was introduced in 1982 by 

Hopfield. It has uses in auto-association and optimization tasks. The architecture of a Hopfield 
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network is shown in Figure 3.9. Each neuron is attributed by an inverting and non-inverting 

output; that is, the output of each neuron is the input of every other neuron except itself. 

Mathematically, the weights can be expressed as the below equation, such that 𝑤𝑖𝑗 = 𝑤𝑗𝑖 and 

𝑤𝑖𝑖 = 0. The node updates are performed according to  

 

𝑠𝑖 ← {
    +1     𝑖𝑓 ∑ 𝑤𝑖𝑗𝑗 𝑠𝑗 ≥ 𝜃𝑖

−1            𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
       -------------12 

 

Here 

𝑤𝑖𝑗  represents connection strength weight from node 𝑗 to node 𝑖 

𝑠𝑖 represents state of node 𝑖 

𝜃𝑖 represents node 𝑖 threshold 

The weights can be updated all at once or one unit at a time. Initially, a Hopfield network stores 

a number of patterns during training. During testing, given noisy patterns, it can recover the 

closest pattern, or rather a best guess. It can achieve stability similar to the human brain.  

 

Figure 3.9 The architecture of a Hopfield neural network (tutorialspoint) 

3.2.1.6 Generative Adversial Networks (GANs) 

Generative Adversial Networks were introduced in 2014 by Goodfellow (Goodfellow et al., 

2014). These are the class of unsupervised deep learning algorithms comprising of two 

algorithms: the generator and discriminator working in tandem in order to understand the 

variation given a dataset. Figure 3.10 shows the architecture of a GAN. The generator is a 
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generative probabilistic model that learns the description of the data; once it learns that, it then 

generates fake data samples in order to beat the discriminator. The task of the discriminator is 

to distinguish between real and fake data samples. Once trained, the generator and discriminator 

both achieve optimal performance in their respective tasks. GANs are useful for data 

augmentation as they provide domain-specific plausible examples, which can then be 

augmented for creating diverse ML models. This is also useful in the case of missing data and 

applications, where training data is very limited or costly to obtain. 

 

Figure 3.10 The architecture of a GAN network (GeeksforGeeks, 2019). 

 

3.3 Machine Learning in geoscience  

Machine learning models have a long history in geoscience but have not gained traction as the 

data is scarce, and computer capabilities and algorithms were inaccessible for a long time. 

Markov models were used as early as the 1970s to explain sedimentology (Schwarzacher, 

1972), and the use of k-means occurred as early as 1964 in the geoscience field (Preston and 

Henderson, 1964). In the 1980s, neural networks were applied to analyze seismic deconvolution 

in geophysics (Zhao and Mendel, 1988). Early tree-based methods were mainly used with 

Decision Trees (DTs) in economic geology and exploration geophysics (Newendorp, 1976, 

Reddy and Bonham-Carter, 1991). Early on, a support Vector Machine (SVM) was applied to 

AVO classification (Li and Schwartz, 2004) and geological facies for the hydrological study 

(Tartakovsky and Wohlberg, 2004). Geoscience data has often not been available and is usually 

still not with a reliable ground truth. This thesis focuses on neural networks’ application to 

faults interpretation in a 3D seismic survey in the northern North Sea. 

Early Machine Learning (ML) publications apply Neural Networks (NNs) to geophysical 

problems. Particularly, seismic processing is used to explore NNs as a general functional 
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approximated (Hornik et al., 1989). In 1991, McCormack reviewed the new neural network 

methods and highlighted the use of pattern recognition, describing basic computer mathematics 

very succinctly (McCormack, 1991). The author sums up neural networks’ implementations 

over the 30 years before the study and highlights automated seismic and log analysis. The 

analysis concludes that such approaches are generally promising. 

(Van der Baan and Jutten, 2000)review the latest developments in geophysical applications of 

Neural Networks (NNs).hey identify the following geoscience subsurface applications: seismic 

inversion, magnetotelluric, shear-wave splitting, electromagnetics, first-break picking, well log 

analyses, seismic deconvolution, event classification and trace editing. This article concludes 

that neural networks are too costly and complicated to have true value in the geoscience sector. 

In general, this review focuses heavily on geoscience exploration.. (Mjolsness and DeCoste, 

2001)Studies of ML in a broader sense, outside of exploration geoscience, show ML's recent 

achievements in the study of robotic geology and satellite data. The researchers include Random 

Markov Models (RMMs), Hidden Markov Models (HMMs), and SVMs.  In addition, NASA 

JPL authors explore pattern recognition in autonomous rovers for geological prospects of Mars 

in depth. A multi-year human survey has resulted in the scientific need for geological catalogs 

of Mars' orbital imagery, producing tens of thousands of characteristics including impact 

craters, faults and ridges (Mjolsness and DeCoste, 2001). 

The writers analyze how the implementation of SVM has allowed geomorphological 

characteristics to be defined without modeling the processes behind them. They also discuss 

recurrent neural networks in the data on gene expression, which has undergone a renaissance 

in deep learning. 

Recent advances in machine learning and its implementations in different industries are creating 

a new wave of experiments and innovations, specifically in the oil and gas industry to solve 

geophysical problems. Machine learning uses supervised and unsupervised methods to 

recognize and classify related patterns in geological or geophysical data. The Supervised ML 

Method depends on a training dataset. It uses a regression or classification method, which 

predicts a continuous measurement for an observation. The Unsupervised ML Method does not 

rely on the training dataset; it uses a clustering approach to bring together related invisible 

patterns in the data. 

In seismic data processing and analysis, the early applications of neural networks were 

prominent. Initially, (Zhao and Mendel, 1988) use the Neural Networks (NNs) to perform 
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seismic deconvolution. A seismic inversion program with neural networks was published by 

(Röth and Tarantola, 1994). New electromagnetic geophysics, based on ML application, present 

subsurface location, as well as magnetotelluric, through Hopfield neural networks (Zhang and 

Paulson, 2003). Neural networks used geomechanical microfractures in triaxial compression 

experiments (Feng and Seto, 1998). It is interesting to note that (Legget et al., 1996) used a 

combination of a Self-Organizing Map (SOM) and backpropagation neural networks that 

functioned similarly to modern convolutional neural networks (CNNs) to monitor 3D horizons 

(Leggett et al., 2003). 

Current CNNs are applied to several geoscience challenges such as seismic inversion (Araya-

Polo et al., 2018), applications in seismology- such as  first-break extraction (Ross et al., 2018a) 

or event classification (Ross et al., 2018b, Zhu and Beroza, 2019), and fault detection like a 

segmentation problem, were considered by (Wu et al., 2019a). Generative Adversarial 

Networks (GAN) studies using geoscience digital rock modeling (Mosser et al., 2017), seismic 

inversion, and geostatistical modeling were completed at the same time (Mosser et al., 2018b, 

Mosser et al., 2018a, Laloy et al., 2017). Further ML application improved to detect 

geochemical anomalies (Zuo and Xiong, 2018) using hydrological modeling and Vertical Auto 

Encoders (VAEs) (Sahoo et al., 2017). Ground Penetration Radar (GPR) and various seismic 

processing applications, analyses and interpretations, as well as seismology, are standard.  

Recently, some applications of deep neural networks (DNNs) to predict earthquake aftershocks 

(DeVries et al., 2018) have been called into question by the publication, “One neuron versus 

deep learning in aftershock prediction” (Mignan and Broccardo, 2019b). The original paper was 

criticized for over-engineering a well-defined problem on less input data (Mignan and 

Broccardo, 2019a). 

SVMs were used early in seismic data analysis (Li and Schwartz, 2004), and in the common 

Automated Seismic Interpretation approach (Liu et al., 2015, Di et al., 2017b, Mardan et al., 

2017). In addition, early applications included seismological, volcanic tremor classification 

(Masotti et al., 2006, Masotti et al., 2008) and early uses included ground-penetrating radar 

analysis (Pasolli et al., 2009, Xie et al., 2013). The 2016 SEG ML challenge was implemented 

using an SVM baseline(Hall, 2016), along with several additional SVM studies for well-log 

analysis.(Gupta et al., 2018, Caté et al., 2018, Saporetti et al., 2018). This approach has also 

been applied to seismology for the classification of events and to assess the magnitude (Ochoa 

et al., 2018, Malfante et al., 2018). In view of the strong mathematical basis of SVMs, a number 

of geoscience problems, such as micro-seismic event classification, were applied (Zhao and 
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Gross, 2017), including seismic well ties, digital rock modeling and landslide susceptibility (Ma 

et al., 2012, Chaki et al., 2018, Ballabio and Sterlacchini, 2012). 

Random forests and other tree-based approaches, including gradient boosting, have been given 

more importance when applied to scientific research (Buitinck et al., 2013). Similar to the 

applications for neural networks, random forests (RFs) were applied with limited success to 

Automatic Seismic Interpretation (Guillen et al., 2015). Seismological applications include 

localization (Dodge and Harris, 2016), volcanic tremor event recognition (Maggi et al., 2017), 

and slow slip analysis (Hulbert et al., 2018). The many geomechanical applications include 

modeling fractures (Valera et al., 2017) and predicting faults (Rouet‐Leduc et al., 2017). 

Gradient Boosted Trees were the most efficient models to conduct well log analysis at the 2016 

SEG ML Challenge (Hall and Hall, 2017) and propelled several publications to the prediction 

of facies (Saporetti et al., 2018, Blouin et al., 2017, Bestagini et al., 2017). In addition, random 

forests have been used to detect changes in reservoir properties from 4D seismic data (Cao and 

Roy, 2017). 

Markov models were used to characterize seismological events, well log classification and 

detection of landslides from seismic monitoring (Wang et al., 2017, Jeong et al., 2014, Bicego 

et al., 2012, Beyreuther and Wassermann, 2008). K-nearest neighbor (KNN) was used for well-

log analysis (Saporetti et al., 2018, Caté et al., 2017) and seismic well ties (Wang et al., 2017), 

combined with DTW and fault extraction in seismic interpretation (Hale, 2013). The 

unsupervised k-means equivalent was used for seismic interpretation (Di et al., 2017a), 

validation of the ground motion model (Khoshnevis and Taborda, 2018), and selection of 

seismic velocity (Wei et al., 2018). The biological antitracking algorithm is typically used for 

seismic interpretation (Pedersen et al., 2002) along with neural networks (Zheng et al., 2014). 

Seismology was based on graphs to predict the parameters of an earthquake (Kuehn et al., 

2011), as well as for seismic interpretation (Ferreira et al., 2018), basin modeling (Martinelli et 

al., 2013) and flow modeling in Discrete Fracture Networks (DFNs) (Karra et al., 2018). 

Machine learning approaches have been applied in different geoscience disciplines, with the 

primary objective of increasing predictive potential or automating costly and labor-intensive 

tasks. Such methods rely on various labeled data sets and are vulnerable to ML problems in 

geoscience inherent in geoscientific data and the cost of data acquisition. 
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3.3.1 Machine application for seismic interpretation  

In seismic interpretation, machine learning uses computer algorithms to enable geologists to 

understand the connections between large quantities of geological data or information. The 

computer algorithm is trained from input data and then modified independently to generate 

repeatable and accurate results for seismic interpretation. Machine learning in seismic 

interpretation resolves two significant issues faced by seismic interpreters : First are the- the 

'Big Data' problem in seeking to interpret dozens, if not hundreds, of volumes of data- and 

second, the fact that human beings cannot understand the connection of more than three data 

types all at once (Roden and Santogrossi, 2017). 

The two types of machine learning approaches are unsupervised classification and supervised 

classification. Supervised classification has limited use in seismic interpretation due to Earth's 

heterogeneity, which may make interpretation of geological features more difficult away from 

wells (Smith, 2010). On the other hand, unsupervised classification is less constrained and does 

not need to be understood in advance to identify the trend in the data. 

In supervised machine learning, the correct or desired results are known based on a training 

dataset with known results, and the training dataset is then applied to another dataset with 

unknown results to predict its results. Optimally, learning algorithms can evaluate class labels 

for unknown or unseen instances. There are two types of supervised learning methods with a 

multi-layer perceptron: a neural network where the input data flows to the output layer or a 

neural network where there are one or more layers between the input and output layer. For 

pattern recognition, approximation and classification, the multi-layered perceptron is used in 

seismic interpretation (Roden and Santogrossi, 2017). Probabilistic neural networks are an 

important seismic interpretation method used to determine the input vector distance and the 

training input vector. It then produces a vector showing how closely the inputs are with the 

training data. The second layer of the algorithm then provides a sum of the input class 

contributions to the output of a probabilities vector. Finally, the maximum likelihood is 

estimated and classified as 1 while the other probabilities are classified as 0 (Mohri et al., 2012). 

The unsupervised algorithm is used to figure out and understand patterns in data sets that consist 

of input data without a labelled response. It can be used to display the subtle geological features 

missing by using conventional analytical methods and can be used to predict fluid properties, 

lithological changes, wells analysis and select the best seismic attributes to interpret the seismic 

(Smith, 2010). 
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Multi-attribute analysis using principal component analysis (PCA) and self-organizing maps 

are components of a workflow for machine-learning interpretation.(Figure 3.11). Selecting and 

applying appropriate seismic attributes in an unsupervised neural network analysis is also 

known as a self-organizing map, or SOM (Roden., 2017). 

 

Figure 3.11 Multi-attribute machine learning interpretation steps (Roden, 2017). 

The findings describe the natural clustering and patterns in the data and helped identify 

stratigraphy, seismic facies, DHI features, sweet spots and thin beds, to name but a few 

achievements. Utilizing these methods and displaying SOM findings using 2D color maps show 

geological characteristics that have not been previously recognized or easily interpreted from 

traditional seismic data (Roden, 2017). 

Seismic attributes are any measurable properties of seismic data and are produced to help 

enhance or quantify the characteristics of interpretation of interest. Hundreds of types of seismic 

attributes and interpreters routinely wrestle with evaluating these volumes effectively and seek 

to understand how they relate to each other.  

The first step in a workflow for multi-attribute machine learning is the definition of the problem 

that the geoscientist wants to solve. This is important because the appropriate set of attributes 

must be selected, depending on the objective interpretation (facies, stratigraphy, bed thickness, 

DHIs, etc.). A principal component analysis (PCA) can be useful if it is uncertain which 

attributes to pick. PCA is a linear mathematical technique(Roden., 2017), which reduces a broad 

set of variables (seismic attributes) to a smaller set, but contains much of the variance of 

independent information in the more extensive collection of data. In other words, PCA helps to 

identify the most significant seismic attributes (Roden and Santogrossi, 2017). 

The next step in the process of interpretation of multi-attributes requires pattern recognition and 

the classification of often-subtle information embedded in the seismic attributes. Using today's 

computer technologies, visualization tools, and an understanding of correct parameters, self-



 

49 

 

organizing maps- as developed by Teuvo Kohonen in 1982- the machine learning can 

effectively distill multiple seismic attributes into volumes of classification and probability 

(Kohonen, 1982). 

SOM is a strong nonlinear analysis of clusters and patterns, which allows interpreters to 

recognize patterns in their results, of which some can be related to geological features (Figure 

3.12). The vast amount of samples from various seismic attributes demonstrates the substantial 

structure of the organization. SOM analytics define these natural organizational frameworks in 

the form of clusters of natural attributes. These clusters reveal valuable details about the 

structure of the classification of natural groups, which is difficult to interpret in any other way 

(Roden, 2017). 

 

Figure 3.12 shows how SOM works (Roden, 2017). 

The SOM framework uses a multi-attribute machine-learning approach to classify geological 

features (Figure 3.12). In this case, 10 attributes were chosen to run over a specific 3D survey 

in a SOM analysis, meaning that 10 volumes of different attributes are inserted into the process. 

All sample values are entered in the attribute space- the space where values are normalized or 

standardized on the same scale(Roden., 2017). The interpreter chooses the number of patterns 

or clusters that are to be identified. For the example shown in Figure3.12, 64patterns are to be 

calculated, and 64 neurons are assigned. The results are mapped nonlinearly to a 2D color map, 

which shows 64 neurons after the SOM study (Roden and Santogrossi, 2017, Roden., 2017). A 

multi-attribute machine learning analysis is not limited to any geological environment or 

framework. SOM classifications are widely used both onshore and offshore, in hard rocks and 

soft rocks, in shales, sands, and carbonates, as seen above, for DHIs and thin beds. The principal 
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drawbacks are seismic attributes and inherent data quality. SOM is a nonlinear classifier, taking 

advantage of fine-sampled data and is not burdened by typical limitations of amplitude 

resolution. This machine-learning seismic interpretation approach is very effective in distilling 

various attributes to define geological targets and provides the interpreter with a methodology 

to manage big data (Roden, 2017). 

3.3.2 Machine Learning application for fault interpretation  

Fault surface detection in 3D seismic volumes becomes a more difficult task as the fault system 

becomes more complicated. Generally, they are represented in netting, which takes a long time 

to understand, and grow to be a complicated process. Mostly, images of faults are complicated, 

complex to understand, and cannot be comprehended with specific attributes. This is especially 

true since conventional methods do not work well and are flawed when there is noise. Deep 

learning can quickly learn the mapping of input images and its fault label, as demonstrate (Wu 

and Hale, 2016a), who proposed a linked new data-structure. This structure would contain fault 

samples that were connected both above and below based on the fault dip directions, and each 

of them would correspond to one seismic input sample, and would already be arranged both left 

and right in the fault strike directions. This data-structure was determined to be the simplest 

when trying to manage in different machines and for after processing steps for faults. Finally, 

they represent- using this data-structure- complete fault surfaces, without gaps, making it easy 

to calculate slip vectors and their estimated accuracy. 

Hydrocarbon prospect identification is a demanding task in the oil industry. A (Huang et al., 

2017) study came out about this issue which, by using a large quantity of data, makes significant 

seismic volumes interpretation easy. By using a distributed system, software analytics tools, 

along with CNN models in the back-end, train and detect a fault based on attributes from seismic 

data. A CNN was trained to predict the probability of each pixel in a fault interpretation to 

belong to a fault class through the creation of 3D to 2D images, even time slices, and the use of 

human-labelled data.. After the machine gets trained, the model predicts a pixel’s probability 

in the testing dataset. Results have demonstrated their efficacy on both synthetic and filed 

datasets. CNNs used in this study include 9 CNN layers and 32, 5x5 filter numbers. The 

activation function relies on which is being used in all layers, except the last, which has softmax 

to get the probability map normalized between zero and one (Guo et al., 2018). 

(Zhao and Mukhopadhyay, 2018) introduce an approach to represent faults using CNN 

processing by smoothing and sharpening methods. By using 3D patch-based CNN model, 
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which classifies each seismic sample using 3D window samples to delineate raw fault image 

prediction, either fault or no fault they used 6 CNN layers with a binary dense layer at the end. 

After classifying fault window patches, it applies other image processing techniques one after 

another, beginning with applying LOG filters to heighten lineaments to then directional 

skeletonization, thresholding, and median filtering. Their method applied to both realistic 

synthetic data and on-field data.  Then, through Gaussian functions along with fault dips and 

strikes, create a fault probability image by combining all fault orientations. This model was 

trained on synthetic data, but equally, they exhibit good results on field data. For the first time, 

they presented their method showed it was better than conventional fault attribute images. 

In reflection seismic imagery, the identification processing of salt bodies is manually hectic and 

time absorbing. (Zeng et al., 2019) solves this issue by introducing a combination of CNN 

networks, UNet, and residual connections to network RESNET classify, and to delineate salt 

bodies with high accuracy. They did this through the use of Exponential Linear Units (ELU) as 

an activation function and Softmax, along with Lovasz loss function and also by using K-fold 

cross-validation which gave the maximum results. Remarkable results were given by this work 

due to the use of the CNN model in salt body delineations. Otherwise, (Di et al., 2018d) try to 

delineate salt-body and faults  in seismic data through a Multi-Layer Perceptron (MLP) and 

CNN combination. Both structures detected by the CNN have lower noise levels and better 

accuracy, especially in areas of weak reflections, which verify the CNN 's superiority in 

understanding seismic signals and identifying important structures, demonstrating its enormous 

potential to assist in 3D seismic interpretation. 

Similarly, depicting seismic data patterns and other various activities become easy and fast to 

do when using the automation tool. However, at the same time, the study model focuses on the 

detection of one pattern while ignoring the others in a single dataset at one time. Therefore, a 

study by (Di, 2018) proposes a multi-classification Spinet model to get multiple pattern 

detections at once. They also introduced a SpiDat dataset to interpret seismic data patterns based 

on their signal intensity and geometry, which are categorizes 12 seismic patterns commonly 

observed. Spinet is a convolutional network that can recognize and annotate the 12 defined 

seismic patterns in real-time. It also helps in deriving fault detection tasks. Another study (Di 

et al., 2018a) was published, which solves the problem of fault detection in terms of multiple 

attribute patches classification using a multi-layer perceptron. They argue that their method has 

three dominant superiority aspects to previous studies. First, the process can accept any number 

of seismic interpreters’ attributes so that we can train a model from a high dimensional attribute 
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domain. Second, the deep learning makes it possible to optimize the input contribution from all 

of the attributes reasonably and in equal proportion so that side effects of using less useful or 

wrong attributes are minimized. Thirdly, the use of attribute patches incorporates local seismic 

patterns in an optimal classification training to effectively exclude random noise and/or 

artefacts from detection.. Therefore, the overall process involves five steps: attribute selection, 

training sample labelling, attribute patch retrieval, optimal MLP model training, and finally, the 

volumetric processing to get the fault in the 3D volume. 

(Wu et al., 2019b) present a study that shows the efficacy of predicting the center point of an 

image, either as a fault or not. This can be done by training the CNN model to predict the center 

point by learning from a lot of training samples. They have also shown that along with a center 

point, orientation can also be predicted by models that help in dip and azimuth in fault after 

processing of inference. Based on the concept, (Zheng et al., 2019) focuses on the oil and gas 

exploration problem by using a supervised deep learning classification model to classify either 

3D seismic volume, regardless of whether it contains a fault or not. Input to the model is a 

seismic volume that has faults with certain azimuths. This study also solves the regression 

problem using pre-stack seismic inversion. A CNN model is trained for that purpose and can 

calculate density with velocity. The architecture of the model is somewhat simple: it contains 

12 CNN layers with a fixed filter size of 3x3x3. The number of filters gets doubled after every 

max-pooling starting from 16, along with rectified linear unit (ReLU) as an activation function. 

Another way to solve the fault interpretation or detection problem is to regard it as a 

segmentation problem where the output of a neural network is a 3D image binary mask, or a 

cube containing either 0 or 1 for each pixel or cube voxels. This is the primary classification of 

each pixel in an image or patch when using some deep models. One such model was introduced 

by (Ronneberger et al., 2015), which is named as the U-Net model and is mainly used for the 

medical imaging segmentation. This type of model contains an auto-encoder like structure, in 

which the first half of the model consists of CNN layers reducing the spatial size of the input 

image and increasing the depth of channels. Then, an encoded vector is produced and that 

becomes an input to a decoder network which then goes on to upsampling the encoded vector 

and increases spatial size back to the original size. Similarly, the Seg-Net (Badrinarayanan et 

al., 2017) model, was introduced with little changes to do semantic segmentation tasks. 

(Xiong et al., 2018a) proposed the use of 3D seismic labeled data for every point in input for a 

3D cube, as a fault or not, then training a CNN model, giving the probability of every point in 

input cube. They demonstrated results in both synthetic and on-field data, and, unlike other 
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studies, their technique does not base on pre-computed attributes. Similarly, another research 

study (Wu et al., 2019a) solves this fault detection problem as a segmentation problem by 

training a fully supervised segmentation convolutional neural network (U-Net). For training, 

they use 300 synthetic images and corresponding labeled images, and, to balance out the 

unbalancing problem of minority pixels of fault, they use balanced cross-entropy function. 

Fault detection- like a segmentation problem- was considered by (Li et al., 2019b), who used a 

minimum dataset for training. Their method involves the U-Net model with 2D images as input 

and binary masks as labels. They have also shown their method efficiency by proposing a new 

Fault Detection Accuracy (FDA) (FDA) metric, which is similar to an Intersection over Union 

(IoU) score, but differs in that it only accounts for the area of ground truth that is correctly 

predicted by the model, rather than considering the negative class area as well. They have tried 

several methods and compared their results. When they randomly generated the window 

patches for training and applied data augmentation along with the use of 4 pooling layers, the 

maximum IOU score they got is 0.50 and they got a FDA of 0.65. 

The seismic structural interpretation involves fault tracing and horizons trace as crucial features 

that are clear in seismic data. There are many CNN models which have been created to do this 

work, but these all include intensive labelling of faults and features in seismic data, which is 

very time-consuming. So, to solve this challenging problem, (Wu et al., 2020) presented a new 

method to build new structural models from some predefined fault patterns and folding. They 

generated some realistic structural models with numerous structural features. With this known 

structural information and structural models, they created many seismic images and the 

corresponding ground truth labels. After creating a dataset, they interpreted faults by training a 

segmentation U-Net model in a short form using fewer layers introduced by (Wu et al., 2019a). 

In this model, there are three contrasting paths in the encoder and similarly in the decoder. Each 

step contains 3x3x3 convolutional filters with ReLU activation and a 2x2x2 max pooling with 

stride two, and the input size of cubes were 128x128x128. 
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3.4 Applied workflow 

We have seen extensively how machine learning has helped geoscientists interpret faults, 

horizons, and salt bodies in the seismic data. In this study, we approach fault interpretation in 

terms of segmentation modeling using deep neural network models. We first present general 

U-Net followed by light U-Net which is used in this study. We segment out faults in input 256 

x 256 images labeled manually, and then predict faults by using the ML model. We use seven 

seismic surveys from the Northern Horda platform (Troll area), Smeaheia High area, and Stord 

Basin in the Northern North Sea (Figure 3.14). We use the EarthNet platform for our ML 

modeling, in which first we label our dataset by using in-line with increments 20 and Xlines 25  

Many models have been proposed in deep learning for the segmentation problem Segnet, PSP 

-Light PSP, DeepLab3+ -LightDeepLab3+ and U-Net (Badrinarayanan et al., 2017, 

Ronneberger et al., 2015). Each model has shown its benefits over others. As our work mainly 

revolves around the U-Net model, we will explain it briefly in the following section. 

3.4.1 U-Net architecture 

(Ronneberger et al., 2015) introduced the first U-Net model, which was created basically for 

medical imaging segmentation and which later expanded to other fields of deep learning. It is 

used for semantic segmentation modeling tasks, in which we label each pixel of an image with 

a corresponding class. There are no bounding boxes, nor do they predict the label for the whole 

image, but each pixel belongs to some particular class. The output of the segmentation models 

are generally binary masks depending on the number of objects present in an image. 

Typically, in a usual network, there are some convolutional layers and some dense layers at the 

end to predict the class label for the whole image. Still, in a segmentation problem, we need the 

same size output mask as the input image and so, it needs to be dealt with separately, with 

specialized design. If we apply convolution filters with padding, then the spatial size will not 

decrease, and we can get an output of the same size as the input after certain convolution 

operations. Still, in this case, the layers will be linearly dependent on each other and might not 

learn the complex structures and underlying distribution of data. So, there was a need for a 

specialized design, and U-Net was proposed, consisting mainly of two parts. The first part is 

the encoder network, or contracting path, in which the image is condensed to a compact 

representation that is supposed to capture the context of the image. The second part is a decoder 

network, or expanding path, which enables precise localization of objects under observation by 

upsampling the latent space or compact representation. It is an end-to-end, fully convolutional 
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network containing all convolutional and pooling layers and no dense layers, and it can accept 

any size of the input image. The original flow presented in the paper is shown in Figure 3.13. 

In the encoder network, all layers are simple convolutional layers followed by max pooling, 

while in the decoder network, there are upsampling transpose layers. Convolutional layers in 

block form contain two continuous convolution operations and use max pooling to reduce the 

size of the spatial dimension by half. In the middle, there is an encoded vector of 1024 depth 

that has the context of the image, and then there are shortcut connections as well to concatenate 

the layers from encoder to decoder path. This model has shown its efficacy in almost every 

field. Wherever there are semantic segmentation tasks involved, this model is used undisputedly 

because of its effectiveness and accuracy. We will also be using this model in this study, but 

with some small changes. 

 

Figure 3.13 Shows UNet encoder-decoder architecture (Ronneberger et al., 2015). 
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3.4.2 Data and software 

This study has utilized selected data from seven different 3D seismic surveys in the northern 

North Sea. The full detail of these surveys is listed in Table 4.1 and Figure 3.14 shows the 

location of the utilized seismic data, which is used in this study. Also, regional structural 

features are displayed alongside both the Troll field and the Stord Basin to give an impression 

of the surrounding areas. 

 

Figure 3.14 The study area is marked by the red rectangle. Structural features shown on the map 

are: Øygarden Fault Complex (ØFC), Vette Fault (VF) and Tusse Fault (TF). Different Seismic 

survey showing on the study area used for faults interpretation by using ML methods 

(EarthScienceAnalytics, 2020, NPDFactMaps., 2020). 
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Software 

EarthNet software is used for seismic interpretation and to generate ML models to predict faults. 

It is a cloud-native platform performed by Earth Science Analytics. It promotes AI technology 

and provides data-driven decision support for the user, as well as large-scale ML training 

workflows. Among its applications is EarthAI seismic which enables interpretation and labeling 

tools for faults, horizons, geobodies and stratigraphic units (EarthScienceAnalytics, 2020) (See 

Figures 3.15 & 3.16). 

 

 

Figure 3.15  EarthNet display (EarthScienceAnalytics, 2020). 
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Figure 3.16 Workflow Faults Interpretation in Seismic by Using ML method UNet-Light UNet 
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3.4.3 Model architecture 

The semantic segmentation model has very diverse applications in almost every field, where 

we need to segment out some unique specific regions from the image, or objects having either 

regular or irregular shapes. In our study, we use it to detect fault lines in a 3D input image cube. 

As the original U-Net model is quite complicated and has many CNN layers, one after another, 

we use a simple form of it, which is Light U-Net. It contains less convolutional operations 

compared to the original one, and it has two paths: contracting and expanding. In the contracting 

path, we apply convolutional processes on the input image and reduce its spatial size to encode 

it into less dimension size and then the encoded vector expands to its original input dimension 

size using transpose or deconvolution layers and upsampling or pooling. 

The architecture of the final U-Net light version is shown in Figure 3.17 below. It contains 

blocks of a convolutional layer, and each block includes two convolutional operations in the 

contracting path, and similarly two deconvolution operations in the expanding path blocks. 

In the first block, we have 22 filters of size 3x3. We apply to our 256x256 input image and 

convolve our filters over it. We do this twice and then keep the output spatial dimension space, 

which is 256x256. We apply the 44 filters twice, and then before going into the next block 

operation, we apply max pooling, which reduces the spatial size into half on each side, as we 

are using 2x2 pooling. In the third block, we employ 88 filters twice, followed by max-pooling, 

which further reduces the spatial dimension by half, which is 64x64. Then we convert it into a 

512 encoded vector, which is a compact or latent space representation of our data. 

We use the ReLU activation function in all layers to keep the feature maps values in a specific 

range. In the expanding path, we concatenate each contracting path block output with the 

expanding path block input and then upsampling it until we get the original dimension map of 

256x256. This map contains probabilities of each pixel in the image between 0 and 1. 

Some of the essential parameters for training our model and their uses are described in the 

following section in addition to their effects. 
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    Figure 3.17 Light U-Net Architecture we use in our study for Fault segmentation. 

3.4.3.1 Parameters and optimization technique 

Activation Functions: Many activation functions are used in training the model in deep 

learning. Activation functions are attached to neurons in the network or, in our case, a feature 

map pixel value generated from some mathematical computations. In general activation, 

functions are used to trigger the neuron during training based on its value. Like sigmoid 

activation, the function keeps the value between 0 and 1, and Tanh keeps it between -1 and 1. 

So overall, it also helps to normalize the data during training. The primary purpose of 

introducing the activation function in neural networks is to introduce nonlinearity, which helps 

to learn the complex structure and nonlinear relationships of layers. If there are no activation 

functions, then each model layer will become a linear activation function of its previous layer, 

and so on. Activation functions are derivative because they go through the back-propagation 

mechanism in neural networks. We use the ReLU  activation function in our model, which 

keeps the positive value as it is and just converts the negative value to zero, and thus helps back 

propagate the gradient more conveniently and also helps the network to do the computation in 

high speed as it is easy to compute. The ReLU function formula is as follows: 

𝑌 = max (0, 𝑥) -------------12 
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Loss function: In deep learning, we use the loss function, so that we can calculate the 

wrongness of the model prediction, and back propagate it to the network layers and update or 

adjust weights in such a way that certain combination of weights gives us the best minimal loss 

value. Generally, cross-entropy is considered a trendy loss function, especially in semantic 

segmentation and multi-class classification. Cross entropy gives the lowest value if the 

prediction of the model is closer to the ground truth label, and similarly gives high value if the 

difference is high. The categorical cross-entropy loss function formula is as follows: 

𝐿(𝑦, 𝑦′) = − ∑ ∑ (𝑦𝑖𝑗  𝑥 log (𝑦′
𝑖𝑗

))𝑁
𝑖=0

𝑀
𝑗=0  -------------13 

Where y is true labels and y’ is a predicted label. We use Softmax as an activation function in 

the last layer as output, because it is easy to compute the gradient of the cross-entropy loss 

function concerning the Softmax loss function. 

Optimizer: We use the Nadam optimizer in our model. Optimizers are ways to update the 

weights of networks to find the best optimal weights. Nadam is a combination of RMS-prop 

and momentum. While RMS-prop is the decaying of average squared gradient and momentum 

is the decaying of average of past gradients, we see in the studies that Nestrov momentum helps 

accelerate the learning process. 

𝑔𝑡 = ∇𝜃𝑡  𝐽(𝜃𝑡) -------------14 

𝑚𝑡 = 𝛾𝑚𝑡−1 + 𝜂𝑔𝑡-------------15 

𝜃𝑡+1 = 𝜃𝑡 − 𝑚𝑡-------------16 

 

Where J is the objective function, γ is the momentum decay term, and η is our step size. Some 

of the other parameters are shown in table below: 

 

LR = 0.001 Beta1 = 0.90 Beta2 = 0.99 Decay = 0.004 

 

3.4.3.2 Metrics 

To check our model segmentation performance, we measure it in terms of many metrics such 

as mean IOU, F1-Macro, Accuracy, etc. These metrics display model performance by matching 
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the prediction and ground truth labels on certain criteria. We have explained briefly each metric 

below. 

Pixels Accuracy: Accuracy is simply the ratio of the number of correctly predicted values by 

the number of all values. If the model accurately predicts the 90 samples and wrongly classifies 

10 samples, then the model accuracy will be 90%. Similarly, in segmentation, it is the number 

of pixels that are correctly classified in both positive and negative classes divided by the total 

number of pixels predicted. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

Where TP is true positive, truly predicted in positive class, and TN is truly predicted in negative 

class, which were negative. FP is the number of falsely predicted in the positive class that were 

negative pixels, and FN is the wrongly predicted in the negative class that were positive. 

Mean IOU: Intersection over union, or IOU, is a commonly used metric in segmentation 

problems for its compelling depiction of the effectiveness of the model. It is a ratio of 

overlapping of predicted and ground truth areas with total areas surrounded by ground truth and 

prediction. 

The formula is given as: 

 

 

 

This metric value ranges from 0 and 1, where 0 means no overlapping and 1 means overlapping 

matches with union area. From a single class to multi-class, this metric is reasonable to calculate 

the effectiveness of the model. In multi-class, it is the mean of the IOU of each class area pixels. 

F1-Macro: F1-measure or score is a harmonic mean of precision and recall. When there is an 

unbalancing class problem where several positive samples or the number of pixels of an object 
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under observation are in the minority, then to get the balanced value of the model prediction, 

we use 𝐹1 − 𝑆𝑐𝑜𝑟𝑒, balancing the precision and recall. The formula is as follows: 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2𝑥
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

3.4.3.3 Training 

We train our model by inputting a fixed-size image of 256x256 in batches of size 8. We use a 

dropout of around 0.2 in our model and train it for 270 epochs. Then, we also apply data 

augmentation in the form of transformation and random cropping. The noise distortion limit 

was set to 0.3 and cropping probability up to 0.3. Our training parameters are almost 3,673,122 

and non-trainable. 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

64 

 

Chapter 4: Machine Learning models and fault 

characterization 

4.1 Results and experiments  

Deep neural network has been applied on the seven seismic surveys with labeled faults 

(supervised learning). The analysis of the 3D seismic interpretation portion of this research is 

illustrated below. In this thesis, we show that using seven 3D seismic survey to train a CNN 

can allow us to predict faults successfully in any other section of the same 3D seismic survey. 

The training sets are fault picks which provided on selected lines (Inlines and Xlines) on 3D 

seismic surveys (GN1101, NH0301, EN10101, ST13003D and ST1300D13, EO0801 and 

RS1001,). We use the semantic segmentation method for detecting faults and train the data as 

a contraction and expansion (encoder-decoder) CCN, known as Light U-Net (Figure 3.17) to 

predict seismic section pixels by pixels to determine whether each pixel is a fault or no-fault. 

We obtain reliable predictive results on real data using this form of CNN in the experiments. 

Faults were manually labeled by using supervised Machine learning on seven 3D seismic 

surveys in the Northern North Sea. Generated the Machine learning Models using Light-U-Net 

Architecture to predict the faults on Inlines and Xlines of each seismic survey by adding some 

specific model parameters. The quality of the faults predicted using machine learning approach 

is compared with human interpretation. 

We aim to learn a model to identify seismic objects (Faults) in the data by using Machine 

learning for seismic interpretation. Our general workflow is focused on various steps. 

 We extract Attributes (features) to find the best possible details on the seismic object of 

research. 

 Use data for training 

 Train the Convolutional neural networks (CNNs) 

 Apply the best model to predict faults on entire 3D seismic survey 

It is necessary to find the right stop-point during neural network training to avoid overfitting. 

The neural network combines several attributes into a single probability attribute for faults and 

fractures. The results of the neural network can be checked before the 3D fault cube is 

determined. We used confusion matrix to test neural network efficiency. 85% of the labels from 

seismic slices are used to create a model to predict faults. Then the same model is tested on the 

15% of the labels to validate the performance of the model. We also the option to held out some 
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labeled inlines or cross lines slices for a blind test.  Confusion matrix provide us the numbers 

or percentages of labeled vs predicted faults and background pixels. When the final neural 

network has been validated, we have created the 3D fault volume, which optimizes images the 

faults of the seismic data. 

4.2  Model Results  

In this section, we presented the results of machine learning models to enhance fault detection 

in the studied 3D seismic surveys. We have selected seven seismic surveys (GN1101, NH0301, 

EN10101, ST13003D and ST1300D13, EO0801 and RS1001) in Northern North Sea for 

structural interpretation using Conventional Neural Network (CNN) method (Figure 3.14). In 

EarthNet first, select the seismic survey and apply attribute slice for training (manual labeling) 

Inlines and X lines of each seismic survey by using a supervised machine learning method. The 

workflow's raw inputs are 2D seismic section derived from a 3D volume, and the outputs are 

binary images of the same size where each pixel is divided into one of two groups i.e. faults 

and non-faults or background. Once the CNN model is well trained, it can be applied to predict 

faults on new seismic section, thereby greatly improving the interpretation efficiency. After 

selecting several hyperparameters, the prediction part of the workflow is an end-to-end model 

which can automatically predict faults (Figure 3.17). These approaches applied on all following 

seven seismic survey to predict faults on both inline and Xline. 

4.2.1 3D seismic interpretation (GN1101).  

In this 3D seismic survey, investigate the two major faults, Øygarden and Vette faults with 

numerous minor faults extracted by using U-Net architecture. This survey is in the Smeaheia 

High in the Norwegian North Sea (Figure 3.14). First, we have selected a 3D seismic survey 

(GN1101) in the EarthNet and training (manual labeling) both Inlines (increment every 10) and 

X lines (increment every20). We labeled faults manually. The label is a binary image, with 

either one (fault) or zero (non-fault) value. Run machine learning model to predict faults on 

both labeling section and without labeling by using several parameters (Figure 3.16). Machine 

learning predicted faults were compared with manually labeled faults (Figure 4.1). The model 

metrics (confusion matrix) are train score 98.3% (for the 85% of the labels) and test score 98.1% 

(for the 15% of the labels). Analysis final model results and validate before run fault volume, 

which enhanced images of faults in seismic data. 
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Figure 4.1 Inlines shows that Faults predict by using light U_Net. (a) Labeling faults by using 

supervised Machine learning. (b)  Predict fault on Manually (Human) labeling data. (c) Faults 

without labeling in the profile and (d) Predicted faults represent two major normal faults 

Øygarden fault (ØF) and Vette fault (VF) with minor faults in the study area.   
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Figure 4.2 Time slice for 3D fault volume and red line shows inline at 1300ms. (a) SW side shows 

Vette fault and NE side shows Øygarden fault. Generated 3D fault volume after validated Neural 

Network results. (b) Two major normal faults Øygarden fault and Vette Fault trending N-S in the 

study area. (c) 3D window for faults interpretation. 

 

4.2.2 3D seismic interpretation (surveys NH30101, ST1300DDIFI_13_MID 

and ST1300DDIFI_13_Base). 

These surveys are in the Northern Hord platform in the Norwegian North Sea (Figure 3.14). 

The 3D seismic surveys (NH30101, ST1300DDIFI_13_MID and ST1300DDIFI_13_Base) 

showing overlap each other in the Northern Hord platform in Northern North Sea. Labeled 

faults on inlines (increment every 20) and X lines (increment every 25) on these seismic surveys 

were used to run the supervised fault imaging. We extracted three major faults in the study area 

i.e. Tusse Fault (TF), Svartalv Fault (SF) and Troll Fault (TF). Numerous polygonal faults are 

also labelling on these three seismic surveys (Figure 4.3). 

  After complete detailed labeling run the ML model U-Net (Figure 3.17) to predict the faults 

by selecting the model parameters. The machine learning predicted faults were compared 

against the labeled faults to verify the quality of the automatic fault predictions. The 

northernmost section profile taken from the inline orientation of 3D seismic survey (NH30101), 

which is North East to South West. The profile illustrates three major faults including Tusse 
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Fault (TF), Svartalv Fault and Troll Fault (Figure 4.3). The final model score is 97.9% for train 

data (85% of labels) and 97.5% for the test labels (15% of the labels). 

 

Figure 4.3 shows Faults prediction using light U-net for Troll field area. (a) Seismic section with 

labeled faults. (b)  Seismic section with ML predicted faults. The red arrows show the length of 

the faults improved after ML prediction. (c) Fault without labeling in inline that has not been 

manually labeled. (d) the same inline as shown in figure c with faults predicted using the best 

model applied on the seismic line. 

 

4.2.3 3D seismic interpretation (Survey ST1300DDIFI_13_MID). 

This survey is in the in the Northern Hord platform in the Norwegian North Sea. In this 3D 

seismic survey, investigate the three major faults Tusse Fault (TF), Svartalv Fault (SF) and 

Troll Fault (TF) with numerous minor faults extracted by using U-Net architecture. The results 

of fault ML prediction following the manual labeling and model hyperparameter tuning is 

shown in Figure 3.17. The profile taken from the inline orientation of 3D seismic survey 

(ST1300DDIFI_13_MID), which is North East to South West. The profile illustrates three 

major faults Tusse Fault (TF), Svartalv Fault and Troll Fault (Figure 4.4). The final model score 

is 97.4% for train data (85% of labels) and 97.8% for the test labels (15% of the labels). 
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Figure 4.4 shows Faults prediction using light U-net for Troll field area. (a) Seismic section with 

labeled faults. (b)  Seismic section with ML predicted faults and show the length of the faults 

improved after ML prediction. (c) Fault without labeling in inline that has not been manually 

labeled. (d) the same inline as shown in figure c with faults predicted using the best model applied 

on the seismic line. 

 

4.2.4 3D Seismic interpretation (Survey RS1001) 

 This survey is in the Stord Basin in the Norwegian North Sea (Figure 3.14).  Labeled faults on 

inlines (increment every 20) and X lines (increment every 25) on these seismic surveys were 

used to run the supervised fault imaging. The results of fault ML prediction following the 

manual labeling and model hyperparameter tuning is shown in (Figure 3.17). The machine 

learning predicted faults were compared against the labeled faults to verify the quality of the 

automatic fault predictions. Numerous Polygonal faults investigated in the shallow depth 

whereas a few faults are present in the deeper part of this section (Figure 4.5). The final model 

score is 98.6% for train data (85% of labels) and 98.7% for the test labels (15% of the labels). 
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Figure 4.5 shows Faults prediction using light U-net for Stord Basin. (a) Seismic section with 

labeled faults. (b)  Seismic section with ML predicted faults (c) Fault without labeling in inline 

that has not been manually labeled. (d) the same inline as shown in figure c with faults predicted 

using the best model applied. 

 

4.2.5 3D seismic interpretation (Survey EO0801) 

This survey is in the Stord Basin in the Norwegian North Sea (Figure 3.14).  Labeled faults on 

inlines (increment every 20) and X lines (increment every 25) on these seismic surveys were 

used to run the supervised fault imaging. The results of fault ML prediction following the 

manual labeling and model hyperparameter tuning is shown in Figure 3.17. The machine 

learning predicted faults were compared against the labeled faults to verify the quality of the 

automatic fault predictions. Numerous Polygonal faults investigated in the shallow depth 

whereas a few faults are present in the deeper part of this section (Figure 4.6). The final model 

score is 99.3% for train data (85% of labels) and 98.5% for the test labels (15% of the labels) 



 

71 

 

 

Figure 4.6 shows Faults prediction using light U-net for Stord Basin. (a) Seismic section with 

labeled faults. (b)  Seismic section with ML predicted faults (c) Fault without labeling in inline 

that has not been manually labeled. (d) the same inline as shown in figure c with faults predicted 

using the best model applied. 
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4.3 Fault damage zone characterization  

This analysis aims to investigate how frequency of minor faults changes around the two major 

faults: Øygarden Fault and Vette Fault with respect to the inlines and depth. For this purpose, 

we analyzed fault frequency around these two faults on six seismic sections (inline) that stretch 

from southwest (SW) to northeast (NE), almost perpendicular to the dominant structural trend 

of the area. At each inline, we made scanlines perpendicular to the fault orientations at seven 

different time intervals: 700ms, 950ms, 1200ms, 1700ms, 2200ms, 2700ms, and 3200ms 

(Figure 4.7). 

 

 

Figure 4.7 Six inlines (red lines) that were made perpendicular to the fault orientations (green 

lines). 
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 The main fault in this study area is Øygarden Fault, a N-S trending normal fault, which appears 

in each vertical seismic section. Vette fault, another major fault trending N-S in the study area, 

is found in the SW portion of the vertical seismic sections.  

Figure 4.8 shows a vertical section at inline 1000 highlighting major faults, Øygarden Fault 

(ØF) and Vette Fault (VF). The presence of minor faults between them is also observed at 

700ms, 1200ms, 1700ms, 2200ms, 2700ms and 3200ms scanlines. 

 

Figure 4.8 Figure 4.8 SW-NE vertical section at inline 1000 comprised of seven different scanlines 

varying in depth/time (700ms, 1200ms, 1700ms, 2200ms, 2700ms, and 3200ms). 

 

As seen in Figure 4.8, the Øygarden Fault penetrates deeper (in time) compared to the Vette 

Fault. Minor faults are also present around the two major faults throughout the vertical seismic 

section. Using the digitized fault data extracted from each scanline, histogram plots have been 

constructed to further analyze the frequency of minor faults around the two major Øygarden 

Fault (ØF) and Vette Fault (VF). Figure 4.9 illustrates the histograms made for each scanline 

for inline 1000. 
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Figure 4.9 Inline 1000-700ms -3200ms. Histogram plots (a-f) illustrates how the frequency of 

minor faults change around the two major faults ØF and VF with time. 

 

Frequency data of faults were gathered at inline 1000 along the scanline at 700ms, 1200ms, 

1700ms 2200ms, 2700ms and 3200ms (Figures 4.8). In total, about 22 minor faults occur along 

these scanlines from South West-North East.  Histogram data shows that Øygarden Fault is 

present in the scanlines 700ms to 3200ms, while Vette Fault is not present at inline 2700ms and 
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3200ms. As seen in Figure 4.9, the Øygarden Fault penetrates deeper (in time) compared to the 

Vette Fault. The number of minor faults is high (19) nearby the Vette Fault and low (3) nearby 

the Øygarden Fault. Comparing the scanlines suggest high intensity of deformation at shallow 

depth (wider damage zone) as it can be seen on scanlines 700ms and 950 ms.  

Figure 4.10 shows a vertical section at inline 1100 highlighting major faults, Øygarden Fault 

(ØF) and Vette Fault (VF). The presence of minor faults between them is also observed at 

700ms, 1200ms, 1700ms, 2200ms, 2700ms, and 3200ms. 

 

Figure 4.10 SW-NE vertical section at inline 1100 comprised of seven different scanlines varying 

in depth/time (700ms, 1200ms, 1700ms, 2200ms, 2700ms, and 3200ms). 
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Figure 4.11 Inline 1100- 700ms -3200ms. Histogram plots (a-f) illustrates how the frequency of 

minor faults change around the two major faults ØF and VF with time. 

 

Frequency data of faults were gathered at inline 1100 along the scanlines at 700ms, 950ms, 

1200ms, 1700ms 2200ms, 2700ms and 3200ms (Figures 4.10). The two major faults, Øygarden 

and Vette faults, are also observed in theses scanlines. Only Vette Fault is not observed in 

scanline 3200ms. Totally, about thirty-three (33) minor faults occur along these SW-NE 
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scanlines. The number of minor faults is high at shallow depth nearby the major faults (20 and 

13 for Vette and Øygarden fault, respectively). The number of minor faults decrease with the 

depth (or time) resulting in a very few faults in scanline 2200ms and 2700ms, while in scanline 

3200ms no fault is recorded. These structures suggest wider damage zone at shallow depth as 

it can be seen on scanlines 700ms and 950ms.  

Figure 4.12 shows a vertical section at inline 1200 highlighting major faults, Øygarden Fault 

(ØF) and Vette Fault (VF). The presence of minor faults between them is also observed at 

700ms, 1200ms, 1700ms, 2200ms, 2700ms, and 3200ms. 

 

Figure 4.12 SW-NE vertical section at inline 1200 comprised of seven different scanlines varying 

in depth/time (700ms, 1200ms, 1700ms, 2200ms, 2700ms, and 3200ms). 
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Figure 4.13 Inline 1200- 700ms -3200ms. Histogram plots (a-f) illustrates how the frequency of 

minor faults change around the two major faults ØF and VF with time. 
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Frequency data of faults were gathered at inline 1200 along the scanlines at 700ms, 950ms, 

1200ms, 1700ms 2200ms, 2700ms and 3200ms (Figures 4.12). The two major faults, Øygarden 

Fault and Vette Fault, are also observed in theses scanlines. In total, about thirty-one (31) minor 

faults occur along these SW-NE scanlines. The number of minor faults is high (24) and 

especially at shallow depth above the Vette and low (7) around Øygarden fault. Histogram plots 

(Figure 4.13) show that the frequency of minor faults is high and especially at shallow depth 

above the Vette Fault, which is visible on scanlines 1200ms, 1700ms and 2200ms only. These 

structures suggest larger deformation and wider damage zone around this area. 

Figure (4.14) shows a vertical section at inline 1300 highlighting major faults, Øygarden Fault 

(ØF) and Vette Fault (VF). The presence of minor faults between them is also observed at 

700ms, 1200ms, 1700ms, 2200ms, 2700ms, and 3200ms. 

 

Figure 4.14 SW-NE vertical section at inline 1300 comprised of seven different scanlines varying 

in depth/time (700ms, 1200ms, 1700ms, 2200ms, 2700ms, and 3200ms). 
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Figure 4.15 Inline 1300- 700ms -3200ms. Histogram plots (a-f) illustrated how the frequency of 

minor faults change around the two major faults ØF and VF with time. 

 

Frequency data of faults were gathered at inline 1300 along the scanlines at 700ms, 950ms, 

1200ms, 1700ms 2200ms, 2700ms and 3200ms (Figures 4.14). The two major faults, Øygarden 

Fault and Vette Fault, are also observed in theses scanlines. The number of minor faults is high 

around the two main faults. The Vette Fault is visible on scanlines 1200ms, 1700ms and 
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2200ms.  Øygarden fault is observed in all the scanlines (Figure 4.15). Totally, about thirty-one 

(31) minor faults occur along these scanlines. The number of minor faults is high (24) and 

especially at shallow depth above the Vette and low (7) nearby Øygarden fault. These structures 

suggest wider damage zone for these two major faults as it can be seen on scanlines 

700ms,1200ms, and 1700ms, although the Vette Fault, itself is not observed in scanline 700ms. 

The Vette Fault is disappeared at scanline 2700ms.  

Figure 4.16 shows of a vertical section at inline 1400 highlighting major faults, Øygarden Fault 

(ØF) and Vette Fault (VF). The presence of minor faults between them is also observed at 

700ms, 1200ms, 1700ms, 2200ms, 2700ms, and 3200ms. 

 

Figure 4.16 SW-NE vertical section at inline 1400 comprised of seven different scanlines varying 

in depth/time (700ms, 1200ms, 1700ms, 2200ms, 2700ms, and 3200ms). 
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Figure 4.17 Inline 1400- 700ms -3200ms. Histogram plots (a-f) illustrates how the frequency of 

minor faults change around the two major faults ØF and VF with time. 

 

Frequency data of faults were gathered at inline 1400 along the scanlines at 700ms, 950ms, 

1200ms, 1700ms 2200ms, 2700ms and 3200ms (Figures 4.16). Totally, around thirty-four (34) 

minor faults are observed along these scanlines. The number of minor faults is high (24) around 
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the Vette, which appears from 1200ms to 2200ms scanlines, see Figure (4.17), and low (8) 

nearby Øygarden fault. . Apart from scanline at 700ms, there are no minor faults around ØF.  

Figure 4.18 shows a vertical section at inline 1500 highlighting major faults, Øygarden Fault 

(ØF) and Vette Fault (VF). The presence of minor faults between them is also observed at 

700ms, 1500ms, 1700ms, 2200ms, 2700ms, and 3200ms. 

 

Figure 4.18  SW-NE vertical section at inline 1500 comprised of seven different scanlines varying 

in depth/time (700ms, 1200ms, 1700ms, 2200ms, 2700ms, and 3200ms). 
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Figure 4.19 Inline 1500- 700ms -3200ms. Histogram plots (a-f) illustrates how the frequency of 

minor faults change around the two major faults ØF and VF with time. 

 

Frequency data of faults were gathered at inline 1400 along the scanlines at 700ms, 950ms, 

1200ms, 1700ms 2200ms, 2700ms and 3200ms (Figures 4.18). In total, about forty-one (41) 

minor faults that are observed along these scanlines in addition to the two major faults, Vette 

and Øygarden faults. The number of minor faults is high (25) around the Vette and low (16) 
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nearby Øygarden fault. The number of minor faults is high around the two main faults. The 

Vette Fault appears only on the scanlines 1200ms and 1700ms while the Øygarden Fault 

appears on every scanline except for 3200ms (Figure 4.19). Apart from scanlines at 700ms and 

1500ms, there is no minor fault around ØF.  

4.3.1 Comparison between similar scanlines (at the same time-interval) on 

different inlines 

4.3.1.1 Scanline 700ms 

Scanline data at 700ms obtained from different vertical sections/inlines (1000, 1100, 1200, 

1300, 1400 and 1500), are compared in Figure 4.20. 

Frequency data of faults were gathered along the scanline at 700ms. The Vette Fault appears 

only on inlines 1000 and 1200 for these scanlines, while the other sections encompass a high 

number of minor faults around the area where the Vette Fault is located.   

On the other hand, Øygarden Fault is observed in all scanlines and the occurrence of minor 

faults is generally high its nearby.   
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Figure 4.20 Histogram for 700ms at Inlines1000, 1100,1200,1300,1400 and 1500. Histogram (a-f) 

shows faults frequency in 700ms at different time on inlines. 
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4.3.1.2 Scanline 950ms 

Scanline data at 950 ms were obtained from different vertical sections/inlines (1100, 1200). 

Figure 4. 21 compares the histogram plots for this scanline. 

Frequency data of faults were gathered along the scanline at 950ms. About ten minor faults 

occur along this scanline. Histogram plots show that the occurrence of minor faults is generally 

low nearby Øygarden Fault, while there are many more faults around VF, although VF itself is 

absent at inline 1200.  

 

 

Figure 4.21 Histogram for 950ms at Inlines1100 and 1200. Histogram (a-b) shows faults frequency 

in 950ms at different time on inlines. 

 

4.3.1.3 Scanline 1200ms 

Scanline data at 1200ms were obtained from different vertical sections/inlines (1000, 1100, 

1200, 1300, 1400 and 1500) and are compared in Figure 4.22. 

About ten minor faults occur along this scanline. The plots suggest that minor faults are visible 

around both Vette and Øygarden faults, while the number of faults is higher around ØF at inline 

1100.  Toward the south, moving toward inline 1500, the minor faults become more distributed 

over a larger area between the two major faults, suggesting an overlapping damage zone 

between the two faults (Figure 4.22).  
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Figure 4.22 Histogram for 1200ms at Inlines1000, 1100,1200,1300,1400 and 1500. Histogram (a-f) 

shows faults frequency in 1200ms at different time on inlines. 

 

4.3.1.4 Scanline 1700ms 

Scanline data at 1700ms obtained from different vertical sections/inlines (1000, 1100, 1200, 

1300, 1400 and 1500) are compared in Figure 4.23.  
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About ten minor faults occur along this scanline, with higher number of faults around the Vette 

Fault, suggesting a wider damage zone around this fault. This damage zone is expected to widen 

toward south as the minor faults become distributed over a wide area in inlines 1300-1500 

(Figure 4.23).   

 

Figure 4.23 Histogram for 1700ms at Inlines1000, 1100,1200,1300,1400 and 1500. Histogram (a-f) 

shows faults frequency in 1700ms at different depth on inlines. 
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4.3.1.5 Scanline 2200ms 

Scanline data at 2200ms obtained from different vertical sections/inlines (1000, 1100, 1200, 

1300, 1400 and 1500) are compared in Figure 4.24. 

 

Figure 4.24 Histogram for 2200ms at Inlines1000, 1100,1200,1300,1400 and 1500. Histogram (a-f) 

shows faults frequency in 2200ms at different time on inlines. 
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Frequency data of faults were gathered along the scanline at 2200ms. Five minor faults occur 

at this time-interval with the majority around Vette Fault and no minor fault around ØF apart 

from inline 1100. The damage zones of the two faults are expected to be much narrower at this 

time interval (Figure 4.24).  

4.3.1.6 Scanline 2700ms 

Scanline data at 2700ms were obtained from different vertical sections/inlines (1000, 1100, 

1200, 1300, 1400 and 1500). Figure 4.25 compares the histogram plots for this scanline. 

Frequency data of faults were gathered along the scanline at 2700ms.  There are two minor 

faults present along the scanline and only one major fault, Øygarden Fault, appears at this time-

interval (Figure 4.25).  
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Figure 4.25 Histogram for 2700ms at Inlines1000, 1100,1200,1300,1400 and 1500. Histogram (a-f) 

shows faults frequency in 2700ms at different time on inlines. 

 

4.3.1.7 Scanline 3200ms 

Scanline data at 3200ms obtained from different vertical sections/inlines (1000, 1100, 1200, 

1300, and 1400) are compared in Figure 4.26.  
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Frequency data of faults were gathered along the scanline at 3200ms. Only one minor fault and 

one major fault , Øygarden Fault, appear on this scanline (Figure 4.26).  

 

Figure 4.26 Histogram for 3200ms at Inlines1000, 1100,1200,1300,1400 and 1500. Histogram (a-f) 

shows faults frequency in 3200ms at different time on inlines. 
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Chapter 5: Discussion  

The identification and characterization of seismic faults is a critical and time-consuming 

activity in seismic interpretation (Bahorich and Farmer, 1995, Aqrawi and Boe, 2011). 

Conventional seismic interpretation, however, require that interpreters to manually trace and 

detect faults, which is affected by limitations and uncertainties related to the human errors, 

seismic resolution and time-consuming process.  

Many authors have explored numerous approaches to increase the quality of interpretation. 

Since faults imply discontinuities in seismic data, some methods use seismic attributes such as 

coherence (Marfurt et al., 1999, Van Bemmel and Pepper, 2000), and curvature to detect faults. 

Scientists have also suggested other approaches, such as the ant-tracking algorithm, and several 

different, semi-automatic and automatic methods to obtain better results (Cohen et al., 2006, 

Wang and AlRegib, 2017, Wu et al., 2018, Wu and Hale, 2016a, Wu and Hale, 2016b, Hale, 

2013, Li et al., 2019b). 

The rapid growth of machine learning in recent years (Bishop, 2006), in particular deep learning 

(LeCun et al., 2015, Schmidhuber, 2015), has made it viable to process big data in a 

standardized manner and has also significantly improved  the efficiency of data processing. 

Scientists have applied these state-of-the-art technologies to seismic fault detection tasks in 

some recent studies. Alternatively, to standard machine-learning approaches (Guitton et al., 

2017, Hami-Eddine and de Ribet, 2017, Li et al., 2019b), several methods have been suggested 

for using Deep Neural Networks (DNNs) to map seismic input data directly to 2D faults 

(Dahlke et al., 2016, Zhang et al., 2014, LeCun et al., 2015). The convolution neural network 

(CNN) (LeCun et al., 1998) is one of the most popular deep neural networks (DNNs) and has 

been utilized in many tasks. It has been shown that CNNs can do much better in image 

classification than humans (Krizhevsky et al., 2012), voice recognition and so forth. Besides, 

some recent research has shown promising results in terms of applying the convolution neural 

network to seismic interpretation (Wu et al., 2018, Xiong et al., 2018b). 

In deep learning study to detect and enhance images of faults on seismic data, researchers often 

use generated synthetic data as pretraining sets to train Deep Neural Networks (DNNs) rather 

than starting directly from real data. Such an approach, however, has disadvantages. For most 

studies, synthetic-trained DNNs were used to predict marine data, but the efficiency of DNNs 

in the prediction of land data, with a much lower signal-to-noise ratio, is still unknown.  
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Two key aspects of our proposed strategy are: training and prediction. The inputs of the 2D 

seismic sections from a 3D volume are binary images of the same size in which each pixel is 

categorized into one of two classes: faults and non-faults or background. In this thesis, we 

propose semantic segmentation model which has very diverse applications in almost every 

field, where we need to segment out some unique specific regions from the image, or objects 

having either regular or irregular shapes. The method we used requiring a collection of data to 

train a U-Net architecture-based encoder-decoder CNN(Ronneberger et al., 2015) for seismic 

fault detection. We use it to detect fault lines in a 3D input image cube. As the original U-Net 

model is quite complicated and has many CNN layers, one after another, we use a simple form 

of it, which is Light U-Net (Ding et al., 2019). It contains less convolutional operations 

compared to the original one, and it has two paths: encoder and decoder.  

In practical procedures, interpreters only need to pick and label various 2D seismic sections to 

train the network; then in some other section of the same seismic volume, the very well trained 

network can predict precisely faults. In addition, a deeper network can boost to some degree 

the efficiency of the model by using more data. However, better results can be obtained by 

using a pre-trained encoder on various metrics (Iglovikov and Shvets, 2018, Zhang et al., 2018). 

Considering that the only a limited amount of training set, it has two significant benefits, one 

of which is its high cost-effectiveness. By simply labeling several seismic sections, we can 

obtain better predictions than some other methods with big data, which makes the profitability 

of the proposed method very high. On the other hand, typical researchers and interpreters can 

find it challenging to obtain large amounts of labeled real data to train functional neural 

networks; therefore, synthetic data are used as training sets. However, the models trained by 

only synthetic data can lead to very poor performance when predicting seismic data with lower 

signal to noise ratios, where prediction should be accurate as the use of real data to train CNN. 

Another benefit is that we can use real data as the training set without worrying about 

inadequate data. The use of a limited training set may proceed to network overfitting, and the 

model's success in generalization could be compromised. Interpreters only need to pick and 

label multiple 2D sections of the volume whenever interpreting a new seismic volume, which 

is very simple to accomplish. The Transfer Learning technique (Pan et al., 2018)is also 

considered to improve a network's efficiency in generalization. However, this technique allows 

interpreters to label such samples from a new volume and, thus, the expense of the transfer 

learning strategy and the proposed method of retraining the network for a new volume are 

identical. In addition, there is always the discussion of neural networks overfitting problems 
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(Recht et al., 2018). Therefore, we should pay closer attention to the efficiency and practicality 

of the method proposed. 

Since fault networks are distributed in three dimensions, the use of 3D seismic cubes as inputs 

to the system is more natural than using 2D seismic sections. In addition, the use of 3D data 

will lead to more precise predictions. In recent studies, however, more computational resources 

are required to achieve 3D convolution; accordingly, researchers have used samples of three 

orthogonal slices of seismic images rather than 3D cubes to handle 3D data (Xiong et al., 

2018b). Furthermore, interpreters may need to label a significant number of 2D sections while 

using 3D data. 

In future research, these technical details can be strengthened. (Goodfellow et al., 

2014)proposed advanced methods for generating new labeled data through generative 

adversarial networks (GANs). In addition, we currently only use Light U-Net as the architecture 

for CNN in our model (Figure 3.17). In future research, we will try to use other common 

architectures for semantic segmentation, ; then, we will potentially assemble them to enhance 

the overall effectiveness of the model. We can also try to use the parameters of pre-trained 

models which perform well on other datasets as the initial parameters when training the CNN 

model. 

We utilize the seven 3D seismic surveys (GN1101, NH0301, EN10101, ST13003D and 

ST1300D13, EO0801 and RS1001) in Northern North Sea to predict faults using Conventional 

Neural Network (CNN) Figure (3.14). Neural network results can be reviewed before 

evaluating 3D fault volume. We used confusion matrix to test neural network efficiency.  

The GN1101 3D seismic survey includes high-resolution description of the Smeaheia fault 

system, which is one of various rotated fault blocks that constitute the northern Horda Platform 

and, more locally, the eastern side of the North Sea rift system (Mulrooney et al., 2020). The 

automated interpretation of the GN1101 3D seismic survey was used to analysis and investigate 

the frequency of minor faults around the two major faults: Øygarden Fault and Vette Fault with 

respect to the inlines and depth. For this purpose, we analyzed fault frequency around these two 

faults on six seismic sections (inlines) that stretch from Southwest to Northeast, almost 

perpendicular to the dominant structural trend of the area. At each inline, we made scanlines 

perpendicular to the fault orientations at seven different time intervals: 700 ms, 950 ms, 1200 

ms, 1700 ms, 2200 ms, 2700 ms, and 3200 ms (Figure 4.7).This is quite a new method to 
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delineate the frequency of minor faults change around the major faults with respect to the inlines 

and depth. 

 Our proposed workflow generated the Machine learning Models using Light-U-Net 

Architecture, which provides significantly more geometric details of fault structures. The 

significant development in fault imaging helps us to extract fault characteristics, such as 

segmentation and length, and to interpret the variability of fault damage zones that have been 

affected both spatially and temporally.  

5.1 Damage zone characterization for the two major faults, VF and ØF 

Currently, the boundaries of damaged zones with fault core and undeformed hosts rocks are not 

clearly described. The statistical observations of the fractures and deformation bands away from 

fault core are used to describe boundaries that are not distinct features to be defined on seismic 

data (Alaei and Torabi, 2017, Berg and Skar, 2005, Choi et al., 2016). The current 

understanding of fault damage zones is focused primarily on data and observations made on 

outcrops of faulted rocks (Torabi and Berg, 2011, Choi et al., 2016, Savage and Brodsky, 2011, 

Kim et al., 2004), apart from some current attempts to capture fault damage zone on seismic 

(Berg and Skar, 2005, Choi et al., 2016, Alaei and Torabi, 2017). Moreover, the size of any 

internal structure inside the fault damage zone, i.e.  Joints and deformation bands are not 

available in the current resolution seismic data. It is challenging to describe the basic concept 

of damage zone on seismic data as it is explained and categorized on outcrops. Some previous 

research studies used the seismic attributes to delineate some of the structure that could be 

similar to the fault damage zone in the outcrops. (Joergensen and Alaei, 2015) proposed to use 

fault-enhanced characterization of current seismic data and to image features such as horsetail 

and sigmoidal structures and compared them with related outcrop examples. (Dutzer et al., 

2010) suggest the seismic distortion zone description, which contains inner and outer zones. 

The inner zone represents the center part of the fault zone, and subsidiary faults, where data are 

usually distorted. In contrast, the outer zone comprises a drag and folding compared with the 

damage zone. 

Our approach provides detailed information on (minor) small faults around the two major faults 

(VF and ØF) in the Smeaheia. These minor faults can be traced vertically and laterally, along 

with the two major faults.  In other words, we investigated the damage zone of the two major 

faults in 3D dimensions. The fault damage zone associated with outcrops includes the different 

scale structures (Figure 5.1),that are not possible to see on seismic (Alaei and Torabi, 2017). 
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Whereas on seismic scale in this study, we see only the minor faults that are in seismic 

resolution. This could be a reason for why we do not see any minor faults around Øygarden 

Fault in some of the inlines. Another reason could be that this is a mature fault that has localized 

stress and therefore, there is no distributed damage zone around this fault.  

 

Figure 5.1 Illustrate how the frequency of  deformation structures (minor faults, fractures, 

deformation bands)  in the damage zone increases towards the major fault core Modified from 

(Torabi et al., 2019b). 

Figure 4.22 indicates that the minor faults are more dispersed between the two major faults 

towards the south, heading towards inline 1500, indicating an overlapping damage zone 

between the two faults. Another Scanline 1700ms at different vertical section / inlines (1000-

1500) indicates that there are more faults around the Vette Fault, indicating a larger damage 

zone around this fault. This damage zone is expected to extend southward as minor faults are 

distributed over a wide region on 1300-1500 inlines (Figure 4.23). At scanline 2200ms, five 

minor faults occur at different time intervals with the majority around Vette Fault and no minor 

fault around ØF except inline 1100. At this time interval, the damage zones of the two faults 

are predicted to be much narrower (Figure 3.24). 
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Chapter 6: Conclusions 

We investigated an end-to-end CNN to effectively detect faults in 3D seismic images, in which 

detection of faults is considered a binary segmentation problem. From the originally more 

complicated U-Net, this neural network is simplified to save GPU memory and processing time 

(for training and prediction) but still retain the high performance for detection of faults. Since 

the distribution of fault and non-fault samples is heavily uneven, we use a balanced loss function 

to tune the parameters of the CNN model. The training sets are fault picks   detected on selected 

lines (Inlines and Xlines) on seven 3D seismic surveys from Horda Platform and Stord Basin 

in the Norwegian North Sea. We used the semantic segmentation method for detecting faults 

and trained the data as an encoder-decoder CCN (Light U-Net) (Figure 4.17) to predict seismic 

section pixels by pixels to determine whether each pixel is a fault or non-fault. We obtained 

reliable predictive results on real data using this form of CNN. The following conclusions are 

from the results of this study: 

  Machine learning predicted faults were compared against the labeled faults to verify 

the quality of the automatic fault predictions. The final model score is 97.9% for trained 

data (85% of labels) and 97.5% for the test labels (15% of the labels). Analysis of final 

model results and validating it  before running the fault volume enhanced images of 

faults in seismic data. 

 Using machine learning seismic interpretation, we mapped minor faults in the 3D 

damage zones of the two major faults, VF and ØF in Horda Platform  

 Furthermore, scanline data shows that the minor faults are more distributed between the 

two major faults towards the south, heading towards inline 1500, indicating an 

overlapping damage zone between the two faults.  

 In addition, more minor faults around the Vette Fault, indicating a larger damage zone 

around this fault. This damage zone is expected to extend southward as minor faults are 

distributed over a wide region on 1300-1500 inlines.  
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