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Thesis Abstract:
The Arabian basin was subject to several tectonic events, including Lower Cambrian
Najd rifting, the Carboniferous Hercynian Orogeny, Triassic Zagros rifting, and the
Early/Cretaceous and Late/Tertiary Alpine orogenic events. These events reactivated
Precambrian basement structures and affected the structural configuration of the
overlying Paleozoic cover succession. In addition to a 2D seismic array and several drill
well logs, a newly acquired, processed 3D seismic image of the subsurface in part of the
basin covering an area of approximately 1051 km2 has been provided to improve the
understanding of the regional tectonic evolution associated with these deformation
events. In this study, a manual interpretation is presented of six main horizons from the
Late Ordovician to the Middle Triassic. Faults and folds were also mapped to further
constrain the stratigraphic and structural framework. Collectively, this data is used to
build a geological model of the region and develop a timeline of geological events.
Results show that a lower Paleozoic sedimentary succession between the Late Silurian to
the Early Permian was subject to localised tilting, uplift, and erosion during the
Carboniferous Hercynian Orogeny, forming a regional unconformity. Subsequent
deposition occurred from the Paleozoic to the Mesozoic, producing a relatively thick,
conformable, upper succession. The juxtaposition of the Silurian rocks and Permian
formations allows a direct fluid flow between the two intervals. Seismic analysis also
indicated two major fault generations. A younger NNW-striking fault set with a
component of reverse, east-side-up displacement affected the Lower Triassic succession
and is most likely related to the Cretaceous and Tertiary Alpine Events that reactivated
the Najd fault system. These fault structures allow vertical migration that could act as
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conduits to form structural traps. Manual mapping of fault structures in the study area
required significant time and effort. To simplify and accelerate the manual faults
interpretation in the study area, a fault segmentation method was developed using a
Convolutional Neural Network. This method was implemented using the 3D seismic data
acquired from the Arabian Basin. The network was trained, validated, and tested with
samples that included a seismic cube and fault images that were labelled manually
corresponding to the seismic cube. The model successfully identified faults with an
accuracy of 96% and an error rate of 0.12 on the training dataset. To achieve a more
robust model, the prediction results were further enhanced using postprocessing by
linking discontinued segments of the same fault and thus, reducing the number of detected
faults. This method improved the accuracy of the prediction results of the proposed model
using the test dataset by 77.5%. Additionally, an efficient framework was introduced to
correlate the predictions and the ground truth by measuring their average distance value.
This technique was also applied to the F3 Netherlands survey, which showed promising
results in another region with complex fault geometries. As a result of the automated
technique developed here, fault detection and diagnosis were achieved efficiently with
structures similar to the trained dataset and has a huge potential in improving exploration
targets that are structurally controlled by faults.
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Chapter 1. Introduction
Motivation
Global energy demand is increasing rapidly due to population growth, and economic and
industrial development (Sadorsky, 2009). According to the US Energy Information
Administration (EIA) on the 2020 annual International Energy Outlook, the forecast of
global energy consumption shows that crude oil and natural gas are still vital and the
primary source of energy throughout the world in today’s age (EIA, 2020). Although the
global economy and oil markets recently collapsed during the COVID-19 pandemic,
recent studies showed that global oil demand will continue to grow and is expected to
peak sometime around 2040 (Mirzoev et al., 2020). Thus, new hydrocarbon reserves will
still be required over the next two decades at least to meet this demand.
In the petroleum industry, seismic imaging is crucial for both exploration and
production. In petroleum exploration, 2D and 3D seismic images are acquired to
determine the size of reservoir deposits and new exploratory drilling paths (Nanda, 2016).
It is also used in reservoir characterisation for a better understanding of internal reservoir
architecture and drilling and production decisions (Slatt, 2006). In addition to oil and gas
exploration, seismic data is used to analyse potential storage locations for carbon dioxide
(CO2) geosequestration (Newell & Ilgen, 2019) and geothermal energy sources (Green et
al., 2021). In oil and gas production, time-lapse (4D) seismic imaging techniques are also
used to capture dynamic reservoir properties for enhanced recovery (Alsos et al., 2002).
The use of seismic data in an exploration context – whether for petroleum, CO2
geosequestration or geothermal energy - is the primary focus of this thesis. This study
applied seismic stratigraphic interpretation on a recently acquired 3D dataset to shed light
on the evolution of the Arabian Peninsula, in particular the Arabian Basin. The structural
1

evolution within the Arabian Platform is well studied including major anticlinal features
associated with fault networks between the Arabian Shield and the Arabian Gulf (Nairn
and Alsharhan, 1997; Al-Husseini, 2004). The seismic dataset recently acquired,
processed will provide a unique insight into this part of Arabia and give a tighter
connection between the younger basin tectonics to the east and the tectonic evolution of
the older region on the edge of the main cratonic element to the west. Although the
interpretation is a lengthy process that requires significant manual effort, the use of highresolution seismic imaging is still considered the most comprehensive way to understand
geological structures.
However, automation is evolving in all disciplines, including the geoscience and
petroleum industry, especially in seismic studies. Several automated interpretation
workflows are available that boost exploration efficiency. For example, Bugge et al.
(2019) introduced a method for picking individual horizons as well as identifying
horizons across different fault blocks. Islam (2020) implemented a workflow based on UNet architecture with Se-ResNet to identify salt bodies in seismic images, as such bodies
are critical to forming traps for hydrocarbon reservoirs. More precisely, various
automated fault identification methods were developed to save manual fault identification
time. Most of these studies are based on seismic attributes or Convolutional Neural
Networks (CNNs) using synthetic datasets (Hale, 2013b; Wu et al., 2019). Generally,
CNN performance surpasses other methods at image identification (Albawi et al., 2017;
Ren et al., 2017; Jogin et al., 2018). Therefore, with the numerous fault structures present
in our dataset, I propose a new CNN method to detect these faults. This method is trained
on the real seismic images from the Arabian Basin, which helped to identify many faults
beyond what was achieved using a purely manual method.
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Objectives
The primary objective of this thesis is to develop a structural interpretation of newly
acquired seismic data in the Arabian Basin to better understand the structural controls on
the basin’s evolution. There are also two secondary objectives of this thesis. Firstly, it
aims to understand how the sedimentation history and tectonic evolution affected fluid
flow in the basin. Secondly, to improve the efficiency of identifying fault structures using
automated methods while retaining high accuracy. To achieve these objectives, I first
examine the regional tectonics that affected the basin (Chapter 2) and then study the 3D
seismic data both with a detailed manual interpretation (Chapter 3) as well as an
automated, machine learning-based method (Chapter 4).

Thesis Outline
The thesis is presented in five chapters.
Chapter 1: illustrates the motivation and objective of the study, and the thesis outline.
Chapter 2: provides a literature review of the regional plate tectonics and geological
background of the Arabian Peninsula, including the major tectonic phases that affected
the Arabian Plate. It also summarises the stratigraphy up to the early Cenozoic sequence
of the Arabian Basin throughout the tectonic phases and the impact of the deformation
resulted from these tectonics on the Paleozoic plays.
Chapter 3: explains the 3D seismic interpretation process to understand the tectonic
evolution addressed in chapter 2. It involves interpreting horizons and picking fault
structures of the pre-Cenozoic sequence in order to further constrain the structural and
stratigraphic framework of the Arabian Basin. This data is used to build a geological
model of the basin and develop a timeline of the geological events. This chapter also
analyses the impact of the deformation in the fluid flow.
3

Chapter 4: introduces the automation framework of the manual fault interpretation
process presented in the previous chapter. This chapter proposes a method to train the
CNN model to detect faults from the real field data in the Arabian Basin. It also presents
the postprocessing algorithms applied to enhance the model predictions. In addition, it
evaluates the model before and after postprocessing using several techniques to measure
the model performance and estimate the error and tests the reliability of the model using
another area.
Chapter 5: summarises the main conclusion of this work as the proposed 3D
interpretation and the automation process aim to improve exploration efficiency. It also
suggests recommendations for future studies in the region.
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Chapter 2. Geological Background
Regional Plate Tectonics
The Arabian Plate was part of the African Plate during most of the Phanerozoic Eon
(Guoping, 2007). However, through the Cenozoic Era, Neogene Red Sea rifting caused a
separation of these two plates (Al-Dabbagh, 2014). The Arabian Plate is bounded by three
principle types of plate boundaries (Figure 2-1: Guoping, 2007): divergent boundaries
(rift zones) between the Arabian and African plate in the Red Sea and in the Gulf of Aden
in the south and west; a convergent plate boundary along the Zagros Mountains between
the Arabian and Eurasian plate in the north and northeast and in the Oman Mountains in
the southeast; transform boundaries, including the Owen fracture zone between the
Arabian and Indian Plates in the southeast, and the Levantine fracture system or the Dead
Sea, between the Arabian and Levantine plates in the northwest (Beydoun, 1998; Fournier
et al., 2008; Bosworth, 2015; Vajedian et al., 2018).
2.1.1

Red Sea and Gulf of Aden Rift

The Arabian and African plates formed one continental block (Al-Dabbagh, 2014). Due
to plate tectonic processes, these plates pulled apart, causing seafloor spreading and
forming a continental rift system, which results in the detachment of Arabia from Africa
(Beydoun, 1998). This represented the Red Sea formation and led to a divergent boundary
on the western part of the Arabian Plate (Ghebreab, 1998; Al-Dabbagh, 2014). Seafloor
spreading also led to the formation of oceanic crust associated with volcanic activity (ElHussain et al., 2018).
The Gulf of Aden also forms a divergent boundary to the southwest and represents
an active oblique rift system, extending from the Red Sea to the Owen Fracture Zone
(Figure 2-1: Leroy et al., 2010). The separation of the Arabian and African plates also
5

extends the Gulf of Aden rift and gives way to seafloor spreading near the Owen fault
system around 18 Ma ago and propagated towards the Afar plume to the southwest
(Figure 2-1: El-Hussain et al., 2018).

Figure 2-1: A gravity map showing the main tectonic plate boundaries of the Arabian Plate
(based on Stern and Johnson, 2010; Mousa et al., 2017).

2.1.2

Zagros Fold and Thrust Belt

The Zagros fold and thrust belt represents a collision zone between the Arabian and
Eurasian plates that strikes northwest-southeast, forming the Bitlis suture zone (Figure 21). Rocks of the Zagros belt range in age from the Precambrian to the Cenozoic and
formed as a result of mountain building driven by the movement of the Arabian Plate
beneath the Eurasian Plate, leading to the development of the Zagros Mountains (Ala et
al., 1980; Aldamegh et al., 2012). The Zagros fold and thrust belt comprises a widespread
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series of thrust faults measuring approximately 1,500 km long and trending NW-SE (ElHussain et al., 2018).
2.1.3

Oman Mountains

The Oman Mountains, also known as Al Hajar Mountains in the southeast of the Arabian
Plate, represent a convergent boundary. The Oman Mountains were uplifted due to SSWdirected shortening during the late Eocene (Hansman et al., 2017). The crust thickened
due to a slowdown of the Makran subduction and the continental crust of north Oman
took over the N-S convergence between the Arabian and Eurasian plates (Figure 2-1:
Beydoun, 1998; Hansman et al., 2017).
2.1.4

Owen Fracture Zone

The Owen Fracture Zone is a right-lateral (dextral) strike-slip fault stretching across the
eastern margin of Arabia, separating the Arabian Plate from the Indian Plate (Figure 2-1:
Rodriguez et al., 2011). The fracture zone is developed due to the variation in motion of
the Arabian and Indian plates, where the Arabian Plate moved faster northward and
collided with the southern boundary of the Eurasian Plate (El-Hussain et al., 2018).
2.1.5

Levantine Fracture Zone

The Levant Fracture System - also referred as the Dead Sea - represents a transform plate
boundary in the northwestern part of the Arabian Plate. According to Quennell (1984),
the Arabian Plate moved horizontally northward in relation to the Levantine Plate. During
the Miocene, the fault system was characterised as a left-lateral (sinistral) strike-slip fault
measuring about 1,000 km in length (El-Hussain et al., 2018). Allen and Allen (2013)
considered the development of pull-apart basins along the Dead Sea strike-slip system as
divergent with respect to the plate vector. In the following section, I discuss the tectonic
phases that shaped the geology of the Arabian Plate.
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Arabian Geology and Tectonics
The Arabian Shield, the exposed crystalline Precambrian basement, occupies
approximately one-third of the Arabian Peninsula, in the western part (Figure 2-2). It is
considered relatively young compared to other world’s shields and evolved from 900-530
Ma (Al-Dabbagh, 2014). The shield consists of a series of c. 800 Ma island arcs and
microcontinental terranes that accreted during the late Proterozoic and were covered by a
post-cratonic, Paleozoic-Mesozoic-Cenozoic sedimentary succession and Cenozoic
volcanic rocks (Agar, 1992; Stoeser and Frost, 2006).
The other two-thirds of the Arabian Peninsula is underlain by younger sedimentary
rocks of Paleozoic, Mesozoic, and Cenozoic age that gradually thicken towards the east,
known collectively as the Arabian Platform (Figure 2-2: Tang et al., 2016). The older
Paleozoic sequences of the Arabian Platform are dominantly siliciclastic but include basal
salt deposits, whereas the younger sequences are dominated by carbonate (Geert et al.,
2001).
The Arabian Peninsula is subdivided into several sedimentary basins that overlie a
Precambrian basement (Figure 2-2). Saudi Arabia covers the majority of the Arabian
Peninsula and is geologically divided into seven basins including: the Widyan Basin and
the Gotnia Basin to the north; the Arabian Basin, the Al-Jafurah Basin, and the South
Arabian Gulf Basin that extends to the Qatar Arch in central Arabia; and the Faydah Basin
and the Rub Al-Khali Basin in the south, the latter of which extends to Yemen and Oman.
The Yemeni and Omani basins in the southern region of the Arabian Peninsula also
comprise several salt basins, including South Oman, Ghaba and Fahud and other
Paleozoic basins, such as the San’a and Suqatra basins; Mesozoic basins including the
Siham–Ad-Dali’, Sab’atayn, Say’un–Masilah, Balhaf and Jiza’–Qamar basins; and the
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Mukalla–Sayhut, Hawrah–Ahwar, Aden–Abyan and Tihamah basins from the Cenozoic
age (Al-Siyabi, 2005; As-Saruri et al., 2010)

Figure 2-2: Geologic map of the Arabian Peninsula, showing the Precambrian rocks of the
Arabian Shield and younger sedimentary rocks of the Arabian Platform. The Arabian Basin
is outlined with a red dashed line and the distribution of faults is also shown in the region
(based on Le Nindre et al. 2003).

The Arabian Plate experienced six major tectonic phases that led to major
stratigraphic breaks (Geert et al., 2001; Pollastro, 2003; Faqira et al., 2009). Phase 1: The
Precambrian basement was affected by compressional movements during the Idsas
Orogeny at approximately 680 Ma that created a dominant north-south structural grain in
Precambrian rocks and led to the assembly of Arabian Shield (McGillivray and Husseini,
1992; Wender et al., 1998; Ahlbrandt et al., 2000; Geert et al., 2001; Pollastro, 2003).
9

Phase 2: Extensional collapse of the Arabian Shield created a horst-and-graben fault
system at c. 610 Ma (Geert et al., 2001). These structures also affected younger, overlying
strata deposited between the late Precambrian to Late Devonian due to younger
reactivation events (Pollastro, 2003). During the mid-stages of the earlier deformation,
the northwest-trending Najd fault system (Figure 2-2) was initiated and displaced the
Arabian Shield left-laterally, forming a sequence of salt-influenced rift basins in the Rub
Al-Khali and Hormuz Salt Basins during the Infracambrian age, as shown in Figure 2-2
in the southern and eastern parts of the Arabian Plate (Martin, 2001; Pollastro, 2003). The
Najd fault system was reactivated during younger phases of deformation, as discussed
below. Phase 3: A compressional event occurred between the Silurian and Devonian. As
a result, an unconformity associated with the Caledonian Orogeny was observed
overlying the Silurian succession (Le Hérissé et al., 2015). Phase 4: Late DevonianPermian sedimentary rocks were subject to alternating extensional stress and a phase of
compression (Geert et al., 2001; Craig et al., 2008). During this phase, the Arabian Plate
was in a back-arc position and affected by the Carboniferous Hercynian Orogeny that
resulted from a collision between Gondwana and Laurentia (Figures 2-3, 2-4: Wender et
al., 1998). This tectonic event changed the Paleozoic basin geometry in Arabia and caused
major uplift that reactivated older basement structures, forming N-S trending horsts that
resulted in the formation of structural traps in the Arabian Basin (Figure 2-5: Wender et
al., 1998; Pollastro, 2003; Faqira et al., 2009). Phase 5: A Zagros extensional phase
occurred in the early Triassic. During this event, the Arabian Plate was in an equatorial
position and rifting resulting in the opening of the Neo-Tethys Ocean along the craton
margins, leading to north and southeast facing passive margins (Figures 2-3, 2-4:
Husseini, 1989; Wender et al., 1998; Pollastro, 2003; Faqira et al., 2009). Phase 6: The
Early (Cretaceous) Alpine Event interrupted passive margin deposition on the Arabian
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Plate (Grabowski & Norton, 1995). This tectonic event was due to localised compression
that resulted from a collision of the Neo-Tethys subduction zone with Oman, which led
to the emplacement of the Semail Ophiolite (Loosveld et al., 1996; Searle, 1996; Wender
et al., 1998). This event was followed by the Late (Tertiary) Alpine Event caused by the
separation of the Arabian and African plates along the Red Sea and Gulf of Aden rifts
and by the collision of Arabia with the Eurasian Plate (Figure 2-1: Beydoun, 1991;
Wender et al., 1998; Pollastro, 2003). The stratigraphic sequence of the Arabian Basin
controlled by these tectonic phases is presented in the next section.

Figure 2-3: Tectonic movements across the Arabian Plate during the early Paleozoic and
through the Triassic Zagros rift (from Pollastro, 2003).
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Sequence Stratigraphy Framework and Basin Evolution
In this section, the sequence stratigraphy of the Arabian Basin is summarised through a
series of deformational events and associated unconformities (U1-U6, below) arising
from the tectonic phases that led to the accumulation and deformation of the Arabian
Platform.
2.3.1

Precambrian – Infracambrian

The Precambrian basement rocks are mostly igneous and metamorphic but also include
volcanic successions (Al-Refeai & Al-Ghamdy, 1994; Al Saud, 2010). These rocks are
unconformably overlain by Precambrian carbonate deposits that are considered the oldest
sedimentary rocks (Seif et al., 2018). These Precambrian rocks evolved from island arcs
that developed during a series of subduction episodes and were subject to the Idsas
deformation (Phase 1) (McGillivray & Husseini, 1992; Al-Dabbagh, 2014). As a result,
a major unconformity occurred at U1, as shown in Figure 2-4. The overlying
Infracambrian section comprises salt deposits overlain by sandstones.
2.3.2

Cambrian – Devonian

Following the deformation resulting from the Najd Rifting (Phase 2), the Late Cambrian
to Middle Ordovician sandstones were deposited overlying U2 (Figure 2-4: Wender et
al., 1998; Vecoli and Cesari, 2019). During the Late Middle to Late Ordovician shallow
marine sandstone and shale were deposited (Vecoli and Cesari, 2019). In later stages,
glaciation associated with the formation of Gondwana affected the region, and the
Ordovician glacial sandstone was deposited (Figure 2-4: Abu-Ali and Littke, 2005).
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Figure 2-4: Stratigraphic section of the eastern Arabian Peninsula showing the main
tectonic events (Modified from Janahi and Mirza, 1991; Mendeck et al., 1994; Chaube et
al., 1995; Ali et al., 1996; Wender et al., 1998; Pollastro, 2003).
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In the Early Silurian, deglaciation of the Gondwana ice sheets resulted in the
development of shales, sandstones and silty shales (Jones and Stump, 1999). A
widespread hiatus is observed due to uplift and erosion associated with Caledonian
movements (Phase 3) and indicated by a sharp unconformity, U3 in Figure 2-4 (Mahmoud
et al., 1992; Le Hérissé et al., 2015).
The Devonian section is composed of fluvial to marginal marine sandstones with
thin beds of siltstone and shale (Al-Harbi and Khan, 2008). Overlayed by shallow marine
sandstone. However, the younger Devonian unit contains silty sandstones (Wender et al.,
1998; Pollastro, 2003; Al-Ghazi, 2007).
2.3.3

Carboniferous – Triassic

Following the major Carboniferous deformation (U4) associated with the Hercynian
Orogeny (Phase 4) in Figure 2-4, the Late Carboniferous to Early Permian Unit 1 was
deposited, consisting of three stratigraphic subdivisions. The Late Carboniferous
sandstones were deposited during the Late Paleozoic Gondwanan glaciation (Melvin and
Sprague, 2006). Then, in the Early Permian the final glacial retreat phase occurred,
followed by the deposition of desert sandstones (Senalp & Al-Duaiji, 2001; Franks &
Zwingmann, 2010; Melvin & Norton, 2013; Polo et al., 2020).
In the Late Permian, a major transgression phase occurred in the Arabian Basin,
and the Unit 2 was deposited, consisting of cyclic, shallow marine carbonates, including
dolomites and limestones, as well as anhydrite that is of variable thickness (Al-Jallal,
1995; Wender et al., 1998). The younger Triassic deposits include shale, sandstone and
dolomite succession (Vaslet et al., 2005; Khan et al., 2015; Abdelkarim et al., 2019)
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2.3.4

Jurassic
During the Early Jurassic, a widespread hiatus (U5) was formed as a result of the

Early Zagros rifting and structural deformation (Phase 5) as shown in Figure 2-4.
Throughout the Jurassic, the Arabian Plate was stable, during which time a thick
sedimentary sequence dominated by carbonates was deposited (Pollastro, 2003). This
comprises the Middle Jurassic shale and carbonates, and the younger limestones (Cole et
al., 1994). The Late Jurassic unit is a cyclic sedimentation pattern of limestones and
anhydrite capped by thicker anhydrite unit (Figure 2-4: Wilson, 1982).
2.3.5

Cretaceous – Tertiary

During the Early Cretaceous, cyclic sedimentation of carbonate was dominant. The
Middle Cretaceous contains clastic and carbonate units (Figure 2-4: Al-Ghamdi and Pope,
2014). Followed by a major erosional phase during the Turonian (Pollastro, 2003). The
Late Cretaceous sedimentary rocks have a variable thickness and varied lithofacies that
correspond to regional subsidence due to partial plate subduction, collision, sea level and
sedimentation rate variations (Alsharhan and Nairn, 1990).
The stratigraphic unconformity (U6) associated with Cretaceous Early Alpine
Event (Phase 6) was followed by deposition of Early Tertiary shallow marine carbonates
that were deposited across the eastern Arabian Plate, thickening towards the west (Figure
2-4: Loosveld et al., 1996). However, clastic deposits increased in the eastern part,
forming the Early Tertiary. This was followed by an observed hiatus (U6) as a result of
the Tertiary Late Alpine Event (Phase 6) that reactivated earlier structures in the eastern
part of Saudi Arabia (Figure 2-4: Wender et al., 1998). These two events reactivated the
existing Najd fault structure and the Hercynian Orogeny depending on their orientation
during the Cretaceous and the Tertiary (Andre, 1989; Peri̇ nçek et al., 2006). In the
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following section, I discuss the effect of the main deformational events on the Paleozoic
play.

Paleozoic Play
In the Arabian Basin, the lower Paleozoic sedimentary succession was subject to a
widespread erosion associated with the Carboniferous Hercynian Orogeny. The
Hercynian and younger deformation events have a significant impact on Paleozoic plays
in terms of fluid flow, structural trap formation, and juxtaposition of the stratigraphic
units (Faqira et al., 2009).

Figure 2-5: East-west geological cross-section from the edge of the Arabian Shield (west) to
the Arabian Gulf (east) that illustrates the Hercynian uplift resulting from regional
compressive stress and the localised presence of Infracambrian salt (in pink). It also shows
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the partial removal of parts of the Paleozoic succession caused by the Hercynian erosion
(red arrows) (modified from Nairn and Alsharhan, 1997; Geert et al., 2001; Pollastro, 2003).

2.4.1

Stratigraphic Framework

The key units interpretated in this study from older to younger include Silurian shale,
Permian sandstones and Permian carbonates (Figure 2-4). In the Arabian Basin, the
Silurian hot shale varies in thickness by up to 30 m (Ameen, 2016). The Silurian shale is
absent in some of the preserved anticlines due to uplift that was driven by the Hercynian
Orogeny. Figure 2-5 shows an east-west cross-section across Saudi Arabia to the Arabian
Gulf that illustrates the truncation of the Silurian rocks in this region (i.e., the orange unit
marked as Silurian). The Early Permian unit 1 is composed of sandstone followed by
marine clastics of lower unit 2. The dolomites, limestones, and anhydrite of unit 2 are
deposited in cycles across the Arabian Basin (Figure 2-4: Wender et al., 1998).
2.4.2

Structural Configuration

Structural traps are mainly related to structures developed over basement fault blocks and
due to tectonic salt movement (Pollastro, 2003). Precambrian basement fault blocks were
reactivated by reverse faults during the Hercynian event and strike north-south (Faqira et
al., 2009). Seismic profiles of anticlinal features in the Arabian Basin indicate the
presence of Hercynian wrench faults in the early Paleozoic section, which are associated
with drape folds of the overlying Paleozoic and Mesozoic stratigraphic succession
(Simms, 1995). However, other structures in the eastern basins of Saudi Arabia indicate
reactivation of Infracambrian salt during the Late Cretaceous Early Alpine Event that
formed major structural traps (Figure 2-2: Pollastro, 2003). Generally, the major trap
formation in the region developed throughout the subsequent tectonic history, including
events that occurred during the Carboniferous, Triassic, Cretaceous, and Tertiary, all of
which reactivated the older basement structures as discussed in Section 2.2.
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2.4.3

Geochemical Evolution

The thermal maturity of the organic matter in the Silurian formation in the eastern Arabian
Peninsula commenced during the Jurassic (Pollastro, 2003; Faqira et al., 2009). Acquired
data in Saudi Arabia indicated that most of the chemical processes are due to fluid flow
from the deeper, eastern regions where the Silurian shale is thicker and over-mature
(Pollastro, 2003; Abu-Ali and Littke, 2005).
Fluids in Saudi Arabia flow laterally due to change in capillary pressure or
vertically through faults. The lateral fluid exchange provides a direct pathway from the
Silurian shale to the Permian formations; however, the reactivated Hercynian faults also
act as conduits and account for fluid flow to the Paleozoic formations (Abu-Ali and
Littke, 2005; Faqira et al., 2009). The next chapter presents the manual structural
interpretation of the newly acquired 3D seismic data of the study area in the Arabian
Basin.

18

Chapter 3. 3D Seismic Interpretation and Structure
Studies
Introduction
The study area for this thesis is located in the Arabian Basin (Figure 2-2), where structural
features formed were mainly associated with Precambrian basement fault blocks and salt
tectonics or halokinetics (Pollastro, 2003). Subsequent phases of compression and
extension during a long geological history led to the development of structural features
that changed the basin configuration as discussed in chapter 2.
The current study area is highlighted in Figure 2-2, where a large 2D seismic dataset
was acquired. Several wells were drilled across the region based on this 2D seismic data.
In this study, a newly acquired, processed 3D seismic dataset across the study area is used
to analyse and interpret an area of approximately 1051 km2 for its stratigraphy and
structural evolution. This chapter correlates the regional geology and tectonics of the
Arabian Plate, and the stratigraphy of the pre-Cenozoic sequence discussed in chapter 2
with the findings from the new 3D seismic data and former drilled wells from the study
area. The identified stratigraphic patterns from the Paleozoic and Mesozoic sections are
described and the traced faults and folds structures from the 3D seismic data are used to
build a 3D visualisation of the basin. It also analyses the fault generations and lateral
continuity of the formations.
Results show that the Paleozoic succession was subject to uplift and erosion during
the Carboniferous Hercynian deformation to form a major regional unconformity. The
juxtaposition of strata across this unconformity in the basin allowed direct fluid pathways
from the underlying, tilted, Silurian organic-rich shales to the Permian stratigraphic units.
Two sets of fault networks acted as vertical conduits for fluid exchange, which affect the
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Cambrian/Ordovician up to the Lower Triassic sequences. At the same time, fault-related
antiformal anticlines are developed. In the following section, I describe the data and tools
used to interpret the 3D seismic data in this regional context.

Methodology
This section describes the methodologies used for data collection, the tools used for
seismic data analysis, and the seismic interpretation process in the study area.
3.2.1

Data Analysis and Tools Used

I obtained the data as a 3D post-stack volume. The seismic data was processed through
the following stages: deconvolution, migration, and stacking, followed by secondary
stages such as velocity analysis, residual statics correction, noise removal, and multiple
filtering and sorting mechanisms. The processed dataset was provided for further
interpretation as part of this study, including 3D seismic volume, 2D seismic lines, and
well-drilling data such as well headers and well logs, the latter of which includes gammaray, sonic, and density logs (Figure 3-1) (See Section 3.2.2).
The 3D seismic volume covers an area of approximately 1051 km2. The 3D cube
has a horizontal extent of 3488 inline (IL) and 2415 crossline (CL) traces that are evenly
spaced every 12.5 m, and a vertical extent that is divided into time slices (Figure 3-1).
The vertical scale of the 3D seismic survey was given in two-way time (TWT). It is
referenced to a Seismic Reference Datum (SRD) where the TWT traces begin at time 200
milliseconds (ms) above Mean Sea Level (MSL referred to as the zero elevation) to 4800
ms below MSL with a sample rate of 4 ms.
In addition to the 3D seismic array, I have been provided with information from six
vertical wells and their associated geophysical logs, and six 2D seismic lines that cross
the 3D seismic array on roughly E-W transects (the coloured lines in Figure 3-1). These
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additional data provided actualistic constraints on the stratigraphy and allowed for a more
detailed interpretation of sedimentary facies and the sequence stratigraphic framework in
the 3D array (Wender et al., 1998; Geert et al., 2001; Pollastro, 2003).
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C

B

A

Figure 3-1: A 2D map showing the seismic volume extents from inline 37,909 to 41,397 and
crossline 5,773 to 8,188. Also shown are the available 2D seismic lines (A to F) all set against
a time slice from the 3D seismic model in a red-black colour-scale (labelled Seismic Stack
(Mid)).

3.2.2

3D Seismic Interpretation Process

The seismic interpretation process used in this study consisted of the following
components: well-log correlation and well-ties; horizon interpretation; faults picking; 3D
visualisation; and seismic attribute mapping (Appendix A). Results from each of these
stages of interpretation are available in Section 3.3.
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In this study, I used the geophysical logs - including gamma-ray (GR), sonic, and
density of four wells in the study area - to correlate several lithological units between
neighbouring wells. Correlation was based on the identification of distinct log signatures
and responses to various lithologies to determine the geophysical characteristics and rock
types of several stratigraphic intervals as previously published (Wender et al., 1998; Geert
et al., 2001; Pollastro, 2003).
A synthetic seismogram was then generated to produce a time-depth relationship to
tie the seismic data to the geological data obtained from the wells. The integration of well
data with seismic reflections was used to determine the subsurface structural and
stratigraphic settings of the basin. The well-tie was achieved using sonic and density
curves with the velocity data and combined with the Ricker wavelet (Ricker, 1951) of the
frequency of 40 Hz for all wells. The well logs and description of the sedimentary
succession of the basin are correlated with the seismic reflectors to identify major
lithological changes based on acoustic impedance contrasts to map major
stratigraphic units in the study area.
Major stratigraphic horizons that developed in response to significant tectonic
deformations discussed in Chapter 2 were mapped in the region. The 3D seismic
interpretation process began by mapping the erosional surface at the top of base Permian
unit 2 that truncates older units (Faqira et al., 2009). This was then used to divide the area
of interest into pre-Hercynian and post-Hercynian sections.
To identify these horizons of the post-Hercynian section, I mapped a series of seed
points long the target horizons and used the automated propagator to generate a complete
horizon. The waveform of each seed point is extracted and compared with all
neighbouring traces. The neighbour was chosen with the highest correlation and the
process continued until the correlation fell below the threshold setting, which is 75% in
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this case. This allowed the propagator to track only the best picks above the specified
value. These horizons extend across the 3D array and are mapped with confidence on
account of their continuity. However, manual picking and flattening operations are used
to map the tilted pre-Hercynian section.
The horizon interpretation across the 3D array was determined primarily based on
the wellbore logs to ensure the consistency of stratigraphic timelines between all wells,
whereas seismic line mapping across inlines and crosslines was applied to trace the preHercynian horizons since only a few of the wells showed evidence for their existence.
The next stage of the 3D interpretation workflow involved manual faults picking
and analysis. I applied fault interpretation in vertical seismic sections and time slices to
map fault offsets, determine major fault trends, and identify folds of the sedimentary
succession. Each fault was interpreted by tracing a line on the fault identified on each
inline and connected to the same fault on the adjacent inline. These lines were then used
to plot the orientation data for the faults (see Section 3.3.3).
The faults in the study area are interpreted with a maximum scale of up to 1,870 ms
since the seismic quality beneath the Cambrian-Ordovician strata is relatively limited. As
a result, fault resolution became weaker with depth due to the decrease in frequency and
increase of velocity and wavelet length, calculated as follows (Rafaelsen, 2006):
v
λ= ,
F

(3 − 1)

where, λ is the wavelength, F is the seismic frequency and v is the seismic velocity. For
fault dip calculation, a layered velocity model was created using the well data for timedepth conversion. In this model, a series of time layers bounded by all interpreted
horizons were defined as key velocity boundaries to guide the interpolation across the 3D
seismic data. The velocity model was then calculated from checkshots data of each well
and combined with defined horizon layers to fit the model resolution and follow the
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geological structure of the subsurface for seismic depth conversion. The collected data
from wells, horizons, and faults discussed in the previous stages are used to visualise
geological bodies in a 3D.
Apart from seismic amplitude, other attributes are also important components in
enhancing and understanding the structural features of the basin. These attributes are
incorporated in Section 3.3.2. For example, I computed several attributes, including
spectral decomposition and incoherence maps. I applied spectral decomposition to
enhance bed resolution and channel analysis for better reservoir quality This was
undertaken to construct time-to-frequency representation using the Continuous-Wavelet
Transform (CWT) method (Sinha et al., 2005). The process involved flattening on the
Permian Unit 2 horizon and picking several frequencies (e.g., 17 - 20 - 26 Hz) that were
chosen as the dominant frequencies of the seismic signal to expose diverse structures.
These frequencies were assigned to colours in the RGB blend to visualise the basin
geometry.
I also computed the incoherence map to identify fault and fold trends and
characteristics. This map was crosschecked with the fault planes identified manually, as
discussed previously in this section. Incoherence measures the dissimilarities between the
nearby seismic traces considering the local dip and direction of adjacent traces to detect
the structural and stratigraphic discontinuities (Marfurt et al., 1999). Therefore, nonidentical traces indicate the presence of faults and fractures. These seismic attributes,
along with the horizons and faults identified, are presented in the next section.
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Results
In this section, the well-log correlation and well-ties, horizon interpretation, and fault
picking findings are visualised in 3D. Also shown are the discoveries derived from
seismic attribute computations and structural analysis.
3.3.1

Well-Log Correlation and Well-ties

The succession of formations and the varied lithology of the Arabian Basin are shown in
Figure 2-4. This is used to constrain well log correlation to the stratigraphy through
identification of the lithological characteristics based on the analysis of wireline
responses and patterns, although some log sections are missing (for example, the gammaray in well_143-6 and well_143-3; see Figure 3-2).
I identified six main lithological units from top to base of the seismic data: 1)
Triassic Unit 2 Formation; 2) Permian Unit 2 Formation; 3) base Permian Unit 2 Member;
4) Permian Unit 1 Formation; 5) Silurian Unit 1 Formation; 6) Ordovician Unit 3
Formation in Figure 3-2.
The topmost seismic horizon represents the top of the Triassic Unit 2 dolomites that
are characterised by a high sonic log, whereas the gamma-ray is low. The Permian Unit
2, consists of a cyclic sedimentation pattern of anhydrite and shale, associated with tight
carbonates. This unit is defined by low signatures on all wellbore geophysical logs, as
shown in Figure 3-2. However, the base Permian Unit 2 horizon comprises transgressive
sands and shales that can be identified on wellbore logs by a slight increase in gammaray intensity (Figure 3-2). The following clean, coarse to fine sand of the Permian Unit 1
is identified by relativity low gamma-ray signatures on wellbore logs (Figure 3-2). The
Silurian shale shows a high gamma-ray zone. In contrast, the low gamma-ray response of
the underlying Ordovician Unit 3 indicates clean, fine- to medium-grained glaciogenic
sandstone deposits. Our analysis shows that the Triassic and Permian units are mapped in
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the four wells. However, Silurian shale is observed only in well 560-5, and Ordovician
unit in wells 143-6 and 143-4 (Figure 3-2). Then, I generated the synthetic seismogram
to match the well-logs and the wavelet derived from seismic amplitude, as discussed in
Section 3.2.2. The well-tie correlated the changes in rock properties in the boreholes with
seismic reflection in order to map horizons.

Missing logs

Figure 3-2: Well log correlation of four of the drilled wells showing six main
formations/members recognized within the study area.

3.3.2

Horizon Interpretation

The horizon interpretation of this study area showed a major unconformity surface that
was recognized at the base of the Permian Unit 1. This unconformity marks a significant
change in the sedimentation pattern by separating underlying, more steeply-dipping
Paleozoic sediments dominated by siliciclastics from the overlying, dominantly
carbonate, sedimentary rocks of Mesozoic and younger ages (Figure 3-3). The Lower
Permian and older geological formations that underlie the erosional surface were subject
to an early period of regional uplift during the Carboniferous Hercynian orogeny (Figures
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3-3, 3-4). The interpretation also showed that the pre-Silurian formations cover the whole
study area, whereas the Silurian up to the Lower Permian strata, excluding the Permian
Unit 1 Member, were limited to the southern part of the study area, as shown by the
Silurian surface (Figure 3-5). This is a result of the unconformity, which has eroded away
the upper units in the northern, more uplifted part of the area (Figure 3-4).
As discussed in Chapter 2, Deposition of the Permian Unit 1 deposits occurred
during Phase 4 compressional deformation. The onlapping of the Carboniferous to
Permian strata against the older Silurian rocks is seen from the seismic profile (red arrows
in Figure 3-3). Picking the Permian sand bodies, which consist of synglacial and
glaciofluvial outwash deposits (presented in Section 2.3), using seismic amplitudes was
challenging. As such, additional seismic attributes were derived from the 3D seismic
amplitude data and were computed to enhance predictions in geological and geophysical
properties according to the methods described in Section 3.2.2. These algorithms are
linked to the well data in order to map the structural features of the basin. Due to the
relatively poor ability of the seismic amplitudes to identify reservoir sand bodies in the
study area, I applied spectral decomposition to improve faults and sand bodies
visualisation and interpretation.
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Figure 3-3: NNW-SSE seismic profile across four drilled wells (see yellow line on inset map), showing the interpretation of 6 main
formations/members. Note the progressive SSE to NNW truncation of the pre-Hercynian formations by the Hercynian unconformity at the base
of the Permian Unit 1, as well as the onlap of the Silurian rocks by Carboniferous/Permian age sediments (red arrows). It also shows the structural
traps generated by the later faulting/folding in the Permian section (blue arrow).
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NNW

SSE

Figure 3-4: NNW-SSE seismic profile flattened on the unconformity surface, illustrating the structure formed prior to the Hercynian event. It
shows the uplift of older components (Cambro-Silurian) of the Paleozoic section and the erosion of the lower Permian and Silurian strata in the
northern part of the study area.
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Figure 3-5: Two cross-sections of seismic amplitudes from the 3D seismic volume stack in a red-black colour-scale (labelled Seismic stack (Mid)),
including inline 41,216 (left) and crossline 8,186 (right). This 3D volume shows the distribution of the Silurian formation in the study area
(coloured in TWT), which is cut out in the northern part of the area by the unconformity at the base of the Permian Unit 1.
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Spectral decomposition revealed the presence of valley escarpments caused by the
melting of Paleozoic ice sheets during the Late Carboniferous and the Early Permian in
the south-eastern part of the study area (Figure 3-6). These channelised sand bodies occur
at a depth that corresponds to the late Carboniferous and early Permian formations and is
consistent with their appearance elsewhere in the Arabian Basin, as published previously
by Melvin and Sprague (2006). Spectral decomposition also highlights the major NNWstriking faults of set B and the subcrop of the Silurian horizon below the unconformity
surface in the study area (Figure 3-6).
Time structure maps of the Ordovician Unit 3 and Permian Unit 2 horizons were
used to interpret main geological structures, including faults traces and folds axes, below
and above the unconformity, respectively (Figure 3-7). This figure shows that all reverse
faults with west-side-up displacement and a few normal faults occur below the
unconformity surface. However, two large-scale, NNW-SSE striking reverse faults with
east-side-up displacement occur below and above the unconformity surface, implying that
they cut through several Paleozoic periods and are relatively late in the geologic history
of the region. The figure also indicates several folds, including anticlines and synclines,
that extend from the lower strata below the unconformity to the upper layers above the
unconformity.
Additionally, the incoherence map along these horizons were generated to highlight
fault and fold structures (Figure 3-8). The identical traces in these maps are shown in light
grey, whereas non-identical traces representing faults or folds are displayed in black. The
computed incoherence map validates the manual interpretation of the two interpreted
horizons in Figure 3-7. The fault and folds in the study area will be discussed in further
detail in Section 3.3.3.
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Figure 3-6: Spectral decomposition into three frequencies: 17 (red), 20 (green) and 26 Hz
(blue). The image shows channels presence in the mapped region in the Arabian Basin (red
and green arrows) and a major NNW-striking fault (orange arrow). It also shows the
subcrop of the Silurian horizon below the unconformity surface in the southern part of the
study area.
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Figure 3-7: Two interpreted time structure maps. A) A horizon below the unconformity (Ordovician Unit 3). B) Another horizon above the
unconformity (Permian Unit 2). Both maps show the position of fold axes and fault traces.
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Figure 3-8: Incoherence maps illustrating the distribution of faults and folds in black along two horizons: A) The Ordovician Unit 3 horizon
below the unconformity. B) The Permian Unit 2 horizon above the unconformity. Note each horizon has a different grey-scale to highlight
geological structures.
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3.3.3

Faults Interpretation

The mapping of the study area showed that most of the faults were located in the northwestern part of the 3D seismic area and were subvertical structures that were apparent
only in rocks of Cambrian-Ordovician age. Other vertical faults were identified in the
southeastern part of the study area (Figure 3-9A), where an older generation of faults
developed in Ordovician and Silurian age rocks. A younger generation of faults that strike
NNW-SSE extended further upsection, into Permian strata (Figure 3-9A).
Based on fault orientation and age of development, two major generations of faults
were identified in the study area, which affected the Cambrian/Ordovician up to the
Lower Triassic sequences, respectively (Figure 3-9A). Set (A) strikes N-S and is
subvertical, with east-side-down displacement. The faults of this set dip steeply to the
west and are technically reverse faults (Figures 3-9B, 3-10A). This fault set represents an
older fault generation and occurs in rocks that extend from the Precambrian basement up
to the Cambrian/Ordovician and Silurian. Individual faults of this set range between 500
m to 9 km in horizontal along-strike length.
A younger fault set (B) strikes NNW-SSE and presents as subvertical faults with a
component of reverse, east-side-up displacement and, perhaps, an unknown amount of
strike-slip displacement. The faults of this set dip steeply to the east-northeast (Figures 39B, 3-10B). This fault system represents a younger fault set that affects rocks up to the
Lower Triassic. Individual faults measure between 3 to 35 km in horizontal, along-strike
length. Analysis of seismic data showed that the NNW-striking faults of set B cut the NS striking faults of set A (see Figure 3-9C). It also showed that the two major faults of set
B (the light purple and orange faults in Figure 3-9A) were relatively widely spaced in the
north but converge to the south.
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In the study area, steeply-dipping faults bound five synclines (labelled Sync
highlighted in blue in Figure 3-11), an anticline, and a monocline. In the north, Sync 1 is
a large-scale, gentle syncline that affects Ordovician to Middle Triassic rocks (Figures 311B, 3-11C). The syncline is a narrow structure in the north, where it is almost 3 km wide
but then expands up to 8 km wide to the south. Subvertical faults of the two different fault
sets bound two anticlines that are located on either side of this syncline, whose axial traces
dip to the west on the western side, and to the east on the eastern side (Figures 3-11B, 311C). The age of each of the faults in this example is constrained by the height to which
they reach in the stratigraphy; the older fault (set A) in the west extends up into
Ordovician strata, whereas the younger fault (set B) in the east extends further upsection,
into the Lower Triassic. However, the anticlines on both sides of the syncline extend to
the Middle Triassic.
In the western part of the study area, as highlighted by the orange circle in Figure
3-11A, a monocline is associated with a subvertical fault with east-side-down
displacement that dips towards the west and extends up into Silurian strata, while the
monocline fold extends to the Silurian section (Figure 3-11D).
A second syncline (Sync2) occurs within the Cambrian-Ordovician to Lower
Triassic strata in the central part of the study area (Figure 3-11A). The width of this
structure ranges between 3 to 5 km, and it is bound by subvertical faults associated with
smaller-scale anticlines on both sides of the syncline, whose axial traces dip to the west
on the western side, and to the east on the eastern side (Figure 3-11E). The faults in this
example belong to the two different fault generations recognized herein, with the fault on
the western side extending only up into the Silurian (set A) and the fault on the eastern
side extending up into the early Triassic (set B). The anticlines on both sides of the
syncline extend to the Middle Triassic.
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Figure 3-9: A) A 3D view of the study area showing interpreted faults as linked sets of coloured vertical bars on a horizontal time slice. Two
cross-sections at top and far right of the figure show the two identified fault generations (A in light green and B in orange). B) Detail of section
A-A’ from part A) at inline 40,425 shows the orientation of the two fault sets; mostly subvertical, east-side-down reverse faults for set A, and
subvertical, west-side-down reverse faults for set B. C) Detail of section B-B’ at inline 39,747 from part A) showing the cross-cutting relationships
of the younger NW-striking fault (orange, set B) and the older N-S striking (dark green, set A) fault sets.
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An anticline (highlighted in green in Figure 3-11A) affected the CambrianOrdovician to Lower Triassic succession. This anticline measures around 8 km in width.
It is bound by faults from the two different sets; the western margin is associated with a
subvertical fault dipping to the east and the eastern margin is associated with a vertical
fault dipping towards the west. These faults are from different generations, as they extend
up into the Silurian on the eastern side (set A) and up into the early Triassic on the western
side (set B: Figure 3-11F).

Figure 3-10: Combined stereonet (upper hemisphere, Schmidt projection) and rose diagram
plots showing the strike direction (coloured fans) and dip value and dip direction (coloured
dots) of the two fault sets identified from this study. Dot colours are from the faults displayed
in Figure 3-9. The dip is calculated after time-depth conversion using a velocity model. In
both panels, the numbers on the outside of the plots represent strike degrees from north,
and the numbers on the inside of the plots represent the dip value in degrees. Each of the
coloured wedge segments includes fault sticks whose strike direction lies in a grouping of 15
degrees azimuth (e.g., 330°-345°), oriented at 90° to the dip azimuth. Each wedge segment
of 15 degrees strike azimuth actually consists of several overlapping wedges, each of which
represents a single colour grouping (fault segment) of the data, as shown by the colour of
the dip azimuth/dip value dots. The length of each wedge is proportional to the maximum
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number of data points for each fault segment (n= 28 for A and n= 21 for B) in the specified
wedge value, with zero at the centre of the plot and the maximum data value at the
circumference of the plot. A) N-S striking fault sticks of set A (n= 2,426). Dip azimuth of set
A faults vary between 240° to 300° from the north. B) NNW-SSE striking fault sticks of set
B (n= 2,307). Dip azimuth of set B faults vary mostly between 30° to 90° from the north. In
both plots (A and B), the dots represent the dip of the plane that lies at 90° to the lines drawn
as the trace of each fault on the inlines. The dip values of these planes mostly vary between
5° to 25°, indicating that the true dip of the faults is between 65° to 85°.

The following two synclines (Sync3 and Sync4) occur in rocks that are from the
Ordovician to the lower Triassic in age (Figure 3-11A). Sync3 measures ~4 km in width,
whereas Sync4 is almost 12 km in width. The two synclines are bounded by different fault
sets that form two anticlines on both sides of the syncline that extend to the Middle
Triassic. The two faults are subvertical faults dipping to the east on the eastern side and
to the west on the western side. In both synclines, the faults belong to different
generations, with the western faults (set A) extending only to the Silurian, whereas the
eastern faults of set B extend up to the early Triassic.
Sync5 measures only ~1 km in width and affects the Ordovician to the Silurian
rocks. Subvertical faults bound it and form anticlines on both sides that extend to the
upper Permian section. The faults dip to the east on the eastern side and towards the west
on the western side. Both faults belong to the same generation as they both extend up into
the Silurian (set A).
In the study area, displacement across the major N-S and NNW-SSE faults of sets
A and B is associated with the development of fault-related anticlines (Figures 3-11B, 311C). Most of these folds are asymmetric and occur in the hanging-wall of the faults.
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Figure 3-11: A) 3D view showing the distribution of the main faults, extensional areas, and compressional regions in the study area. B) to G) are
vertical cross-section views from west-east (left-right). B&C) Sync1 though inline 40,676 and 40,026, respectively, showing fault-related folds. D)
The monocline (dashed oval on section; at orange oval on A) through inline 39,626. E) Sync2 though inline 39,266. F) The anticline though inline
39,181. G) The asymmetrical fold resulted as a fault-related folds though inline 40,206.
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These folds predominantly occur in the deeper parts of the stratigraphy, in rocks from the
Cambrian-Ordovician up to the Late-Permian/Early Triassic (Figure 3-11G). However,
younger sedimentary rocks above the hanging-wall have also been pushed up and folded,
forming an anticline in Middle to Late Triassic rocks in the area (e.g., the dashed green
line in Figure 3-11G).
The analysis of the seismic data indicates that most of the N-striking faults of set A
have a component of reverse, west-side-up displacement, representing the effects of
compression (Figures 3-7A, 3-11). Based on the interpretation and the lateral extent of
the discontinuity, which affects the Cambrian/Ordovician and Silurian strata, this fault set
with the associated folds are only apparent on the Ordovician Unit 3 horizon map formed
before the unconformity in Figure 3-7A and are probably related to the
Carboniferous Hercynian deformation that reactivated basement structures (discussed in
phase 4 in chapter 2). Figure 3-7 also shows that the displacement of horizons associated
with fault set A and related folds are almost similar above and below the unconformity,
which can be indicated from the difference in the TWT values in both horizons. This is
also seen in Figure 3-9B, where the displacement of horizons across fault set A is almost
the same below and above the unconformity (blue horizon).
Hercynian deformation was followed by a phase of extension to accumulate
sediments between the Permian and Triassic age, which is likely correlated to the Triassic
Zagros rifting (discussed in Phase 5 in Chapter 2). In later stages, the NNW-SSE striking
faults of set B are present on both maps in Figure 3-7. The reactivated pre-existing
structures, probably the northwest-trending Najd Fault system, are presented in Figure 37A and the newly formed faults that are formed after the unconformity during the
Cretaceous and Tertiary Alpine Events (discussed in Phase 6 in the previous chapter) are
presented in Figure 3-7B, forming another compression stage. In Figure 3-7A, the
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displacement of the reactivated faults of set B below the unconformity is greater
compared to the displacement of the newly formed faults of set B above the unconformity
in Figure 3-7B. Figure 3-9B also shows that the displacement across fault set B is greater
below the unconformity surface relative to the Permian Unit 2 horizon above the
unconformity. This fault set may have a strike-slip component as well as a dip-slip
component. However, it is not possible to interpret the strike-slip offset with the seismic
data as it only picks up horizontal reflectors.
3.3.4

3D Visualisation

The interpreted stratigraphic horizons and faults are represented in the a 3D visualisation
of the study area displayed in Figure 3-12, which has a vertical exaggeration of 1:23. In
this model, it is possible to observe the gentle southerly dip of the lower part of the
stratigraphy, including the Late Ordovician and Silurian formations, and the regional
unconformity at the base of the Permian Unit 1 and base Permian Unit 2 horizons that cut
out the Silurian rocks (black arrow in Figure 3-12). At the scale of the model, these
horizons, as well as the overlying Permian Unit 2 and Triassic Unit 2 horizons, appear
nearly flat-lying and relatively little disturbed. It is only in higher resolution that the
structures become more apparent.
The model clearly indicates that most of the faults in the study area are restricted to
rocks of Cambrian-Ordovician age below the regional unconformity (set A: Figure 3-12).
It also shows that the Hercynian deformation controlled the structural and stratigraphic
features and caused a significant uplift and erosion of Early Silurian strata up to the Early
Permian section (Figure 3-12).
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Figure 3-12: Two cross-sections of seismic amplitudes from the 3D seismic volume stack in a red-black colour-scale (labelled Seismic Stack
(Mid)), including inline 41,370 (left) and crossline 7,999 (right). Showing 6 horizons and the distributed faults identified in the study area. Note
there is a vertical exaggeration of 1:23 in the display. The black arrow indicates the nearest point of truncation of the Silurian horizon at the
Permian Unit 1 Member.
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3.3.5

Geological Interpretation and Structural Analysis

The structural analysis of the seismic data indicated that the study area located in the
Arabian Basin was subjected to several tectonic events. Based on the interpretation
presented in this section, the 3D seismic model and stratigraphic information from drilled
well logs showed that the Carboniferous Hercynian Orogeny caused easterly tilting,
faulting, and folding of the older component (Cambro-Silurian) of the Paleozoic section.
Hercynian deformation caused significant uplift and erosion across the study area, as
reflected by the steeper dips of the pre-Permian strata compared with the overlying,
younger units. This event resulted in a regional angular unconformity that cuts
downsection from south to north across the study area (Figure 3-3). Across this
unconformity, Permian strata progressively truncated the underlying Silurian rocks and
was completely absent from the northern part of the study area, where upper Permian
sandstones unconformably overlie Ordovician sedimentary rocks.
The pre-Hercynian units in the study area were subject to the Hercynian
deformation that reactivated basement fault structures, forming N-trending faults with
associated folds (fault set A discussed in Section 3.3.3). This fault set extended to the
Ordovician succession in the northern part of the study area and up to the Silurian strata
in the southern area. The geometry of these faults is vertical or subvertical, with westside-up displacement, consistent with an origin via compression.
As a result, the partial removal of the Silurian rocks and the overlying deposits
beneath the Permian Unit 1 caused by the Hercynian erosion allowed direct fluid
pathways. The Permian sandstones were juxtaposed to the Silurian shale at the sites where
they intersect across the unconformity (black arrow in Figure 3-12). The titling of the
strata could also cause fluid exchange into structural traps generated by the later
faulting/folding in the Permian formations (blue arrow in Figure 3-3).
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As discussed in Chapter 2, the renewed structural growth during the Cretaceous and
Tertiary Alpine Events reactivated pre-existing structures and are probably correlated to
the northwest-trending Najd fault system that was initiated in the late Precambrian. In the
study area, the effect of this deformation propagated upward through the overlying strata
and presented as NNW-striking faults with a component of reverse, east-side-up
displacement (younger fault set B discussed in Section 3.3.3). This compression resulted
in further anticlinal growth in rocks up to the Triassic section (Figure 3-11). As a result,
these major subvertical faults could function as vertical conduits for fluid exchange.
Figure 3-13 shows a schematic cross-section of the regional anticlinal features
associated with a fault in the study area. The major fault sets identified in this area play a
significant role in the development of potential structural traps in the study area (Omoja
& Obiekezie, 2019). The structural features of the study area are correlated with
surrounding regions in the next section.

Figure 3-13: A schematic cross-section showing the anticlinal feature associated with a fault
in the study area.
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Discussion
This section discusses the impacts of the Hercynian Orogeny and younger deformations
in the Arabian and African plates.
3.4.1

The Hercynian Event

Other authors have identified the impact of the Hercynian event in surrounding regions
across Arabia and Africa (Al-Laboun, 1990; Wender et al., 1998; Al-Husseini, 2004;
Craig et al., 2008; Al-Juboury & Al-Hadidy, 2009; Faqira et al., 2009). The effects of
Hercynian deformation discovered in the study area shown in the previous section were
more or less similar to those identified over a broader region of Saudi Arabia. In central
and eastern parts of the Arabian Platform, the Hercynian deformation initiated N-trending
horst that reactivated older basement structures (Faqira et al., 2009). In addition, in some
areas in Saudi Arabia, the Paleozoic strata has been partially or completely eroded away
and truncated by the unconformity generated by Hercynian deformation (the red arrows
in Figure 2-5). The regional thickness variation across the area was due to the broad uplift
and erosion as a result of this deformation (Al-Laboun, 1988). This is best seen in field 1
in eastern Arabian Platform, where the Lower Silurian strata is unconformably overlain
by the Middle to Upper Devonian or the Lower Permian succession (Figure 3-14: AlLaboun, 1990; Wender et al., 1998; Al-Husseini, 2004). In another example from field 2,
the Upper Permian section lies directly on Devonian rocks (Figure 3-14: Wender et al.,
1998; Al-Husseini, 2004). However, in the western side of the study area, the Lower
Permian rocks lie unconformably on the Silurian formation (Al-Husseini, 2004). In
contrast, the Paleozoic succession in the northern region has been completely eroded
away, and basement rocks are directly overlain by Lower Permian deposits (Al-Laboun,
1990; Al-Husseini, 2004; Faqira et al., 2009).
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Figure 3-14: East-West cross-section of field 1 and 2, illustrating the effects of Hercynian
deformation on the erosion of the Paleozoic succession (modified from Wender et al. 1998).

The effects of Hercynian deformation have been identified more broadly, as well.
For example, in central Syria in the north of Jordan and Iraq (Figure 2-2), the Lower to
Upper Carboniferous Markada Formation overlies an Ordovician section (Al-Laboun,
1990; Faqira et al., 2009). In Iraq, sedimentary rocks of the mid-Carboniferous and Early
Permian have been eroded as a result of uplift relating to the Hercynian Orogeny (Figure
2-2: Al-Juboury and Al-Hadidy, 2009; Faqira et al., 2009). In addition, most of the
tectonic events that affected the study area are also observed in North Africa. However,
the Hercynian unconformity mainly affected various basins as it cuts through the
Paleozoic rocks as far as the Cambrian-Ordovician section in the Ghadames/Berkine
Basin of Tunisia, Algeria and Libya and truncates the Silurian section in the Kufra Basin
of Libya (Craig et al., 2008).
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3.4.2

Younger Deformation Events

Previous studies also identified the post-Hercynian deformational events in the Arabian
Basin, as discussed in Chapter 2 (Wender et al., 1998; Faqira et al., 2009). During the
Triassic, there was no evidence of uplift and erosion as a result of the Zagros extension.
However, it was a period of major development of north-south trending horsts and
grabens that reactivated the Hercynian structures. These N-trending anticlines extended
upward to the Tertiary section and were believed to be as a result of the deformational
events during the Triassic, Cretaceous and Tertiary.
As documented here, other studies have also indicated the presence of northweststriking structural elements in the central part of the Arabian Platform, but are of
secondary importance in this area (Andre, 1989; Wender et al., 1998; Pollastro, 2003;
Peri̇ nçek et al., 2006). These structures have been correlated to the late Precambrian Najd
fault system that has a strike-slip component and was reactivated during the Cretaceous
and Tertiary (Andre, 1989). Deformation associated with the reactivation of these
structures have also been interpreted to control the thickness of the lower part of the Upper
Cretaceous and caused erosion of part of the Middle Cretaceous section (Figure 2-4:
Peri̇ nçek et al., 2006).
3.4.3

Structural Evolution

Predicting the Silurian shale distribution, thickness and quality in the region is
complicated due to complexities associated with the burial history arising from the
Hercynian orogeny and younger deformational events. In the Arabian Peninsula, the older
Paleozoic section, which includes the Silurian shale, was subject to uplift and erosion
caused by the Carboniferous Hercynian deformation that controlled the geochemical
processes and restricted the distribution to several basins (Faqira et al., 2009). As a result
of the tilting caused by this deformation, the maturity of the Silurian shale varied from
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immature to overmature in the eastern Arabian Peninsula (Pollastro, 2003). However, it
was indicated that in some of the eastern and southern basins, the Silurian shale was
deeply buried and thus became overmature for chemical reactions ( Jones & Stump, 1999;
Pollastro, 2003).
Faqira et al. (2009) indicated that the Hercynian erosion affected the deposition of
the early Paleozoic succession up to the Permian Unit 1 across the eastern Arabian
Platform. It was interpreted to be the final stage of the Hercynian Orogeny and did not
reveal any impact on the Upper Permian strata. The resulted Hercynian unconformity
provided a direct fluid pathway from the Silurian shale to the Permian sandstones (Figure
3-15). The N-trending Hercynian faults were initiated during that time and set a stage for
further reactivations by younger deformational events that led to subsequent development
of structural traps in the area. Figure 3-15 shows the structure growth across the eastern
Arabian Platform, which illustrates the folding up to the Cretaceous section due to the
reactivation of older structures during the Tertiary event. However, Peri̇ nçek et al. (2006)
showed that the NW-trending faults that reactivated the Najd fault system during the
Cretaceous and Tertiary also could function as conduits or barriers for fluid exchange and
are associated with fold structures.
Across North Africa, the Basal Silurian and the Devonian shales were subject to
compressional phases (Boote et al., 1998; Lüning et al., 2000). The compressional phases
during the Carboniferous- Early Permian Hercynian and subsequent reactivation in MidCretaceous and Late-Tertiary Alpine and the extensional phase in the Mesozoic led to the
development of several structural trap styles with different forms of anticlines and fault
blocks (Craig et al., 2008). The fluid then flowed and trapped into several Paleozoic
formations from the Cambrian to the Silurian and in the basal Triassic age (Boote et al.,
1998). In the western region of North Africa, in some basins in western and central
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Algeria, the Late Carboniferous-Early Permian Hercynian deformation mainly controls
the structural trap style of the Paleozoic plays (Craig et al., 2008). However, in the eastern
region of North Africa, the intensity of the Hercynian deformation decreases, and the
younger deformation events became more critical in traps formation (Macgregor, 1996;
Craig et al., 2008).

Figure 3-15: Seismic profile across the eastern Arabian Platform showing the development
of the structure during the Tertiary (modified from Faqira et al. 2009).

Conclusion
The analysis of the 3D seismic data of the study area brings new insights into the Arabian
Basin’s morphology. In the study area, I mapped six main formations, ranging from the
Late Ordovician to the Middle Triassic. I also traced major fault and fold structures that
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reactivated earlier basement fault blocks on the 3D seismic data. The majority of the
Arabian Basin studies interpreted the Hercynian deformation as the main tectonic that
control the basin’s evolution. In this study, I indicated that Hercynian Orogeny has
significantly affected the lower Paleozoic section and formed N-trending faults that
extended to the Silurian section. However, I observed that the Najd fault system also
played an important part when it was reactivated in younger deformational events during
the Cretaceous and Tertiary Alpine events. As a result, NNW-SSE striking faults were
formed and extended up to the Triassic section.
My work highlights that both the Hercynian and Alpine events had a major impact
in controlling the fluid flow in the region. Firstly, the Hercynian unconformity controlled
the lateral fluid exchange from the Silurian shale to the Permian sandstones while the
Alpine events reactivated the Najd fault system that led to the development of potential
structural traps. As a result, the interpretation of the study area in this chapter achieved
the thesis objective of improving the understanding of the underlying tectonics that
controlled the basin’s structure and their effects in the fluid flow in the area. In the next
chapter, I used the manual interpretation presented in this chapter to create an automated
interpretation using machine learning.
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Chapter 4. Automated Fault Detection in The
Arabian Basin
This chapter has been prepared for publication and is currently under review. The content
of this chapter includes most of the article that has been submitted to Geophysics, but it
has been adapted and rewritten for the purpose of inclusion within this thesis. I am the
primary author of this paper and contributed the majority of the writing and technical
work, but I would like to acknowledge my co-authors Fatimah Al-Zubaidi, Martin Van
Kranendonk, and Stuart Clark for their contributions. In this chapter, I use the manual
interpretation results of the previous chapter to train a Convolutional Neural Network to
perform automated interpretations of faults in the Arabian Basin.

Introduction
In the last decades, the use of automation has been increased rapidly in seismic studies,
especially for horizons and faults identification, to reduce the otherwise intensive manual
labour. The automated seismic horizon tracking begins in the 1990s. During that time,
several methods were implemented; Zeng et al. (1998) proposed a stratal slicing method
using 3D seismic data to produce a model with limited interpreted horizons. Later, other
methods were proposed to automatically or semiautomatically extract horizons by using
seismic reflection slopes (Bakker, 2002; Lomask et al., 2006; Fomel, 2010), calculating
the unwrapped instantaneous phase to generate a relative geologic time (RGT) volume
(Stark, 2003; Wu and Zhong, 2012), computing dynamic time warping (Hale, 2013a; Wu
and Hale, 2016; Wu and Fomel, 2018; Bugge et al., 2019), and interpreting horizons
semiautomatically using encoder-decoder Convolutional Neural Networks (Wu et al.,
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2019). However, most of these tools and models depend on some manual efforts, such as
selecting seed points of the targeted horizon or interpreting faults and fractures.
Fault picking is a crucial process in 3D seismic interpretation to understand the
structure of a basin (Shaw et al., 2005). Faults represent discontinuities between rocks
caused by lateral or vertically dominant displacements or a combination of the two. The
complexity and growth in fault populations correspond mainly to basins that experience
several episodes of rifting (DiPietro, 2018). Interpreting these faults seismically is timeconsuming and requires significant manual efforts. Thus, several methods were
developed to automate this process based on seismic reflection continuity and
discontinuity, such as cross-correlation (Bahorich and Farmer, 1995), semblance (Marfurt
et al., 1998), and eigenstructure (Gersztenkorn and Marfurt, 1999). These algorithms are
merged to produce one of the most commonly used seismic attributes to detect faults; the
coherence attribute (Marfurt et al., 1999). However, these methods are sensitive to
seismic noise that may produce negative artifacts, resulting in mapping false structures.
Over the past decades, various automated algorithms were implemented using
seismic attributes. One of the widely used methods is fault likelihood by Hale (2013b)
that uses a semblance-based coherency algorithm. However, the main constraint in this
process is extracting intersecting faults, where this method assumes that each image
sample is associated with a single fault. Wu and Hale (2016) addressed the intersecting
fault issue in this method by creating synthetic 3D seismic images to compute fault
samples based on fault likelihoods, strikes, and dips corresponding to each pixel in the
seismic image. These fault samples are linked to construct fault surfaces in a 3D sampling
grid that helps to overcome the intersecting challenge (Wu and Hale, 2016).

53

However, more recent studies have promoted the use of Convolutional Neural
Networks or CNNs (Lecun et al., 1998). CNNs are a deep learning architecture for data
analysis that perform automatic feature extraction using multiple filters to learn and detect
patterns. These feature extraction methods can be used to detect faults. Huang et al. (2017)
introduced a CNN method using synthetic datasets to detect faults by learning fault
characteristics from seismic attributes and properties of the fault likelihood. Wu et al.
(2018) proposed another CNN architecture using synthetic datasets to estimate fault dips
and compute fault probability. This method works efficiently with 2D seismic images. Li
et al. (2019) proposed an encoder-decoder CNN method that performs pixel-by-pixel
prediction of faults on 2D seismic images as a semantic image segmentation task. Wu et
al. (2019) considered using binary image segmentation to identify faults from 3D
synthetic seismic images. Cunha et al. (2020) introduced a method to detect real faults
using transfer learning from a CNN model trained on synthetic datasets. Most of these
methods were developed using synthetic datasets. Thus, further investigation on real
seismic data is yet required.
In this chapter, I propose a method based upon the method of Wu et al. (2019) of
binary image segmentation using CNN, but with the addition of postprocessing and the
use of real seismic images instead of synthetic training data. For this purpose, I used the
real field data from the Arabian Basin located in Saudi Arabia, as shown in Figure 2-2.
In the following section, I discuss the methodologies and tools used for analysing the data
for the CNN learning and testing phases.

Methodology
The datasets of this study are extracted as 3D seismic cubes from the Arabian Basin’s
seismic survey and labelled manually to create 2D binary images that are then converted
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into 3D arrays; each pair of a 3D seismic cube and its binary array is referred to as a
sample in the remainder of the study. I divided the samples into two datasets: a training
and validation dataset, and a testing dataset (Figure 4-1). Samples from the training and
validation dataset were randomly assigned to a training or validation condition. The
validation samples refer to the dataset used to periodically evaluate the model fit during
training, whereas the testing samples correspond to the dataset used in the final evaluation
of the model.
The proposed workflow for fault detection has two main components: the learning
phase and the testing phase, presented in Figure 4-1. The learning phase uses the training
and validation datasets. These datasets are fed into the network to predict fault structures.
In the testing phase, postprocessing methods are applied to the model predictions to
enhance detection capabilities and reduce noise presence. I also applied several testing
algorithms to evaluate the model before and after postprocessing in order to measure the
performance and estimate the error.
4.2.1

Data Analysis and Tools Used

As discussed in Chapter 3, the 3D seismic volume covers an area of approximately 1,051
km2 (Figure 3-1). The 3D cube has a horizontal extent of 3,488 IL and 2,415 CL traces
and a vertical extent that is divided into time slices from 200 ms above MSL to 4,800 ms
below MSL with a sample rate of 4 ms TWT.
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Figure 4-1: The proposed workflow for faults detection using CNN including model
inputs, fault segmentation map and postprocessing.
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A sample is a 128 × 128 × 128 subset of the 3D seismic data and a fault label of the
same size. Each sample contains vertical and subvertical reverse faults ranging from 0 to
8 faults per image. I labelled these faults as the targets commonly known as ground truth
in machine learning by slicing each 3D seismic cube into 128 2D images from IL index
0 to 127. Each IL is stored with the dimensions of 128 × 128 pixels. I manually picked
these faults as polygons using the Visual Object Tagging Tool (VoTT)1, an open-source
tool developed by Microsoft for image annotation and labelling. Then I exported these
labels as JSON formatted files to create faults images. These images were then converted
into a 3D array and paired with the 3D seismic cubes.
4.2.2

Learning Phase

Data augmentation provides an effective approach for expanding the training and
validation dataset and improving generalisation. Therefore, I applied several traditional
augmentation techniques, including blurring, rotation and flipping, to the samples in order
to enhance the neural network performance by preventing the model from overfitting (Li
et al., 2019; Shorten and Khoshgoftaar, 2019; Wu et al., 2019). For blurring, I used the
gaussian filter with sigma set to 3 and 5, where the higher sigma defines the higher amount
of blurring. Additionally, I rotated the input dataset in three dimensions, including 90°,
180°, and 270°, and I also flipped it along the horizontal axis. These techniques were
applied to construct more comprehensive and diverse datasets, bringing the total number
of samples to 400 for training and 167 for validation.
For the CNN training, I used the simplified U-Net architecture developed by Wu et
al. (2019) and inspired by the original architecture proposed by Ronneberger et al. (2015)
for biomedical image processing. In the proposed model, I further reduced the number of

1

https://github.com/microsoft/VoTT
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filters to minimise computational complexity while maintaining sufficient fault
segmentation results. The CNN learns the segmentation in an end-to-end manner by
feeding raw images to neural networks for prediction tasks (Wu et al., 2019; Q. Zhang et
al., 2019). The CNN typically consists of multiple layers, including convolutional layers,
pooling layers and upsampling layers and additional activation functions such as
Rectified Linear Units (ReLU) and Sigmoid (Albawi et al., 2017; Gu et al., 2018).
The U-Net architecture is symmetric, where the input propagates into the network
through all possible paths, including the contracting and expansive path (Figure 4-2). In
the contracting path, also known as downsampling, the image size decreases by reducing
the image dimensions that allow the filters to focus on a larger receptive field The number
of filters in the contracting path increases to extract more complex features from the image
and combine several patterns that it captured in previous layers together. During the
expansive path, or upsampling, the number of filters decreases, and the image size
increases to recover the size of the original image (Figure 4-2, orange arrows). In the
contracting path, every two convolutional layers are associated with ReLU (Figure 4-2,
dark green arrows) and are followed by a max pooling layer. In the expansive path, each
upsampling operation is concatenated with the corresponding cropped feature from the
contracting path (Figure 4-2, grey arrows) and two convolutional layers that are combined
with ReLU. The output layer consists of a convolutional layer with a sigmoid activation
function. These layers iteratively learn to produce predictions at the output layer close to
the expected ground truth targets. In this experiment, I used the Keras library (Chollet,
2018) to build and train the network. The overall architecture used in this study is shown
in Table 4-1.
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Table 4-1: The detailed specifications of the CNN architecture used in this study.

Number of layers

Path

Operation

Specifications
Kernel size = (3,3,3)
Padding = “SAME”

Contracting and
15 layers

3D Convolution
expansive path

Number of Filters=
[16,32,64,128]

Contracting and
14 layers

ReLU

Activation function

expansive path
1 layer

Expansive path

Sigmoid

Activation function

3 layers

Contracting path

MaxPooling3D

Kernel size = (2,2,2)

3 layers

Expansive path

UpSampling3D

Kernel size = (2,2,2)

Figure 4-2: The U-Net architecture used in this study consisting of four layers in the
contracting and the expansive path.
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Within the dataset, 70% of samples were randomly assigned to the training
condition and 30% to the validation condition to achieve the best prediction results. Each
of the input seismic images in the sample was subtracted by its mean value and divided
by the standard deviation to obtain a normalised training dataset. The training commences
by feeding the network with batches of 16 images. The CNN is trained to minimise the
error between predictions in the output and the expected ground truth labels. In this study,
I applied the binary cross-entropy (Murphy, 2012) as a loss function, which is commonly
used for binary segmentation tasks, defined as follows:
𝑛
1
𝐻𝑝 (𝑞) = − ∑ 𝑦𝑖 ∙ log(𝑝(𝑦𝑖 )) + (1 − 𝑦𝑖 ) ∙ log (1 − (𝑝(𝑦𝑖 ) ) ,
𝑛
𝑖=1

(4 − 1)

where, y is the ground truth label that is a binary value (0 or 1), p(y) is the prediction
probabilities between 0 to 1 and n is the number of values in the output model. Accurate
predictions can be obtained by computing the error. These errors are then backpropagated
(Chauvin and Rumelhart, 2013) through the network to calculate the gradients based on
weights and biases (parameters) using an optimisation function. I used the Adam
optimiser (Kingma and Ba, 2014) to update the network parameters and experimented it
with various learning rates such as 0.01, 0.001, and 0.0001. The CNN was also
experimented with several number of epochs, including 50, 100, 150, 200, 300, and 500,
and the accuracy and loss were calculated per epoch to illustrate fault predictions.
4.2.3

Testing Phase

The CNN could not efficiently perform fault classification due to ambiguous computation
(Li et al., 2019). Therefore, the predicted fault lines that belong to the same segment
appear discontinuous. In this case, I used the testing dataset, which included 19 samples.
I applied postprocessing algorithms to connect these fault elements (Figure 4-1). I used
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the Otsu binarization method (Otsu, 1979) that chooses the threshold value,
which minimises the weighted within-class variance as follows (Zhang and Wu, 2011):
σ2𝑤 (𝑡) = 𝑤1 (𝑡) σ12 (𝑡) + 𝑤2 (𝑡) σ22 (𝑡),

(4 − 2)

where, the weights 𝑤𝑖 are the probabilities of the two classes separated by 𝑡 and σ2𝑖 that
represent the threshold and the variances of these two classes, respectively. I processed
several morphological operations to improve the thresholding quality, including opening
to remove the image noise and erosion to decrease the thickness of the detected objects
based on a given kernel size; here, I used 5 × 5. Next, I used the Hough transform method
(Duda and Hart, 1972). Although other transform methods were equally usable, such as
fitLine method (Spizhevoi and Rybnikov, 2018). In this case, the fitLine method is more
uncertain, so adopting it was difficult. However, the Hough transform method provides
more accurate results as it computes the lines based on given parameters. The Hough
transform is used to detect fault lines/sticks in each 2D seismic image in the 3D cube. The
adjacent fault lines/sticks can be then stacked together to generate a 3D fault surface.
Hough transform method maps the detected object points using the following equation:
𝑝 = x cos θ + 𝑦 sin θ,

(4 − 3)

where, x and y are the coordinates of the point, 𝑝 is the distance and θ is the angle from
origin to the line. The (𝑝,θ) pair defines a straight line passing through the point (x, y).
The Hough Transform methodology uses a voting technique where all detected objects
points vote to classify shapes in the image. However, it requires a large computational
time and storage space (Illingworth and Kittler, 1988; Leavers, 1993). Therefore, the
Progressive Probabilistic Hough Transform (PPHT) method (Matas et al., 2000) was
performed in this study, which optimises the standard Hough Transform approach by
utilising random sampling that minimises the number of voting pixels. The PPHT
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algorithm is summarised as follows: 1) selecting a random point from the input image for
voting in the accumulator array, then update it; 2) comparing the highest peak with the
predefined threshold; 3) choosing the longest segment and comparing it with the predetermined minimum line length.
For model evaluation, I applied two testing algorithms on the testing dataset. I
used the Intersection over Union (IoU) metric, also known as the Jaccard Index (Jaccard,
1901), to evaluate the model performance. The IoU is calculated as a ratio of the area of
intersection and the area of union of the ground truth and prediction, which is defined as
follows:
𝐼𝑜𝑈 (𝐴, 𝐵) =

|𝐴 ⋂ 𝐵|
|𝐴 ⋂ 𝐵|
=
,
|𝐴| + |𝐵| − |𝐴 ⋃ 𝐵|
|𝐴 ⋃ 𝐵|

(4 − 4)

where, A is the area of ground truth and B is the area of prediction. The IoU score ranges
from 0 to 1, where the higher value represents a better correlation.
I also implemented an algorithm on the test dataset to determine the error between
the prediction before and after postprocessing and the ground truth. This method
measures the average distance between each fault line in the ground truth and the
prediction before and after postprocessing, which I defined as the average distance value.
This technique involves four main stages. First, I calculated the line coordinates of the
prediction before postprocessing, for example, the initial results from the CNN and
ground truth. A line was estimated from each detected fault segment using the edge of the
segment, which was obtained by contours detection. After postprocessing, I used the line
coordinates obtained from PPHT. Second, I matched each resulting line from the
prediction (before and after postprocessing) with the closest ground truth line. This is
demonstrated in Figure 4-3, where P represents either the predicted or postprocessed line
coordinates and T is the ground truth coordinates. Third, I calculated the distance between
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each endpoint of the predicted lines and the ground truth lines (Figure 4-3). Fourth, I
computed the average between the first and second distances to find the actual error for
the fault line. The distance between the points of both lines is calculated by the Euclidean
distance equation mentioned below:
2

2

𝑑 = √(𝑥𝑡 − 𝑥𝑝 ) + (𝑦𝑡 − 𝑦𝑝 ) ,

(4 − 5)

given that (𝑥𝑝 , 𝑦𝑝 ) is the prediction or PPHT point and (𝑥𝑡 , 𝑦𝑡 ) is the target point. In this
algorithm, the smaller average distance value indicates a higher correlation. The results
of this approach are more reliable and accurate compared to the IoU, which will be
discussed in the results and discussion section.

Figure 4-3: The illustration of the distance between the prediction before and after
postprocessing (P) and ground truth (T) lines, which corresponds to the same fault.

Results and Discussion
This section discusses several evaluation techniques used to assess the effectiveness of
the model, including the training and validation accuracy and loss curves and the
computation time for CNN training. In this section, I also compare the proposed CNN
model performance with the original CNN model by Wu et al. (2019), present the results
obtained from the evaluation methods, and verify the model performance using other
seismic data. Figure 4-4 shows the detected fault lines/sticks of a seismic image in a 3D
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cube using the proposed model in a 3D view compared with the manual interpretation of
the same subset. Throughout the rest of the section, all figures are shown in 2D view to
have a more accurate visualisation of the detected faults using the proposed model and
postprocessing.

Figure 4-4: A 3D visualisation of a subset of the seismic survey of the Arabian Basin showing
two main faults using manual fault interpretation and the detected faults lines/sticks using
the proposed model, respectively.

In the learning phase, the CNN model was trained with several number of epochs,
as discussed in the previous section. Figure 4-5 illustrates multiple fault predictions per
test. This experiment showed that the model was still improving according to the fault
detections in Figure 4-5 and the loss curve in Figure 4-6. Thus, 500 epochs generated the
best model predictions where the apparent discontinued faults are detected with less noise.
At this stage, no overfitting issues were encountered. These issues could happen with a
larger number of epochs when the model is well trained, which could negatively impact
the model results. Using 500 epochs, the accuracy started at 91% and then it fluctuated
between 93% - 96%. The final estimated prediction accuracy of the training and
validation of the CNN model achieved about 96% as the filters detected fault features
(Figure 4-6). The accuracy curve is relativity constant due to two main factors; the number
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of epochs and the size of the training dataset. Although there was a relatively minor
change in the accuracy, the model was still improving according to the loss curve with a
greater number of epochs (Figure 4-6). As discussed in Section 4.2, the samples are
divided into 70% for the training condition and 30% for the validation condition. This
ratio is common in machine learning, where a larger number of training samples (70%80%) allow the model to learn more features and achieve the best prediction results.
Therefore, the consistency of the accuracy indicated that the model is being certain about
faults features while the error rate is decreasing. The Adam experiment results discussed
in the previous section showed that a learning rate of 0.0001 provided the optimal model
performance where the loss curve started to converge after 70-80 epochs and the final
estimated loss is 0.12 (Figure 4-6).
The approximate computation time required to train the model varied with the batch
size and number of epochs. Using Nvidia GPU with 10 GB RAM, the training took 25
steps for the entire dataset using a batch size of 16 images. Each step took approximately
40 seconds for processing, and the training was completed within 5.5 hours. Figure 4-6
illustrates the training and validation accuracy and loss curves of the model with the
number of epochs used to produce the final results.
To test the computational performance, I applied the proposed CNN model and the
original CNN model by Wu et al. (2019) on two testing samples from the 3D seismic data
of the Arabian Basin. Figure 4-7 shows the fault probability map across the two samples
using both methods. This figure demonstrates that the proposed method achieved greater
detection accuracy with less noise compared to Wu’s method (Figures 4-7B, 4-7C).
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Figure 4-5: Fault predictions in a seismic cube with an areal size of 200 IL × 390 CL × 300
time slices. A) No fault segment is detected using 50 epochs. B) One minor fault segment is
detected using 100 epochs. C&D) Clear fault segments are not detected at some locations
(black oval) using 150 and 200 epochs, respectively. E) Some noise was detected in the edges
using 300 epochs. F) Best fault detection result using 500 epochs.

Figure 4-6: The CNN model accuracy and loss curves of the training and validation using
500 epochs.
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Although faults segments that correspond to the same fault were not fully connected,
I could easily trace the fault extension in Figure 4-7C, unlike the other method, as shown
in Figure 4-7B. Therefore, I performed postprocessing to accomplish more consistent
results with the fault labels (Figure 4-7D). The postprocessing was performed on the
proposed model predictions (Figure 4-7C). It produced 77.5% fewer faults compared to
the number of the predicted faults from the proposed CNN model. For example, in cube
1 in Figure 4-7C, I have five discontinued segments of the first fault and four other
segments of the second fault. The same cube in Figure 4-7D shows that these discontinued
segments are connected after postprocessing, and two faults were produced. This shows
that the postprocessing improved the proposed model prediction by decreasing the
number of the detected faults. Thus, I achieved the optimal performance of a robust
workflow for fault detection, which best matched the ground truth images.

Figure 4-7: Fault predictions in two seismic cubes (cube 1 with an areal size of 200 IL × 390
CL × 300 time slices and cube 2 with an areal size of 400 IL × 550 CL × 300 time slices): A)
2D seismic image from each testing cube. B) fault detection using the model of Wu et al.
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(2019). C) the proposed CNN model predictions. D) the postprocessed prediction showing
the main detected faults.

In addition, I calculated the average value of the IoU of the entire test dataset
predictions before postprocessing using the proposed model and the model of Wu et al.
(2019). The IoU reflected with respect to the ground truth of the proposed model is 0.12,
whereas the IoU value using Wu’s model is 0.022. This showed that the proposed model
provided a more accurate result than the previous model. However, the IoU score is
considered relatively low since the CNN model occasionally detected undesirable fault
segments that were excluded from the manual labelling (Li et al., 2019).
The focus of this study is to obtain accurate detection similar to the ground truth
labels. Hence, I performed postprocessing to eliminate false detections. As discussed
earlier in the testing phase, I measured the average distance value between the predicted
faults before and after postprocessing and the ground truth to determine the error. Figure
4-8 shows that the results of the detection after postprocessing surpassed the prediction
results, which provided more accurate estimation of the real faults. In addition, the lower
average distance value of the postprocessed faults indicated less error that improved the
model efficiency. This implied that the segmentation map accompanied by
postprocessing operations could provide better performance.
I further examined the proposed CNN model for fault detection with another
complex 3D seismic volume. I used a subset of a publicly available seismic survey from
the F3 3D survey, acquired in the North Sea, offshore from the Netherlands. The extracted
subset includes 400 IL × 237 CL × 160 time slices with a sample rate of 1 ms TWT and
a bin size of 25 m. This subset was a structurally complex zone comprising series of
parallel vertical faults and folds. The computation time to generate a fault probability
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volume took less than 20 seconds, compared to the estimated time of around 3 hours with
manual picking. Figure 4-9 shows the fault probability map and the complete fault
prediction after postprocessing. Thus, the proposed CNN model illustrated promising
results in the study area and other areas with complicated fault zones. It proved that the
model was able to accurately detect closely spaced faults and clearly observe fault
patterns.

Figure 4-8: A histogram showing the average distance value between the ground truth and
the predicted faults from the CNN without postprocessing (in blue) and with postprocessing
(in orange). The number of faults has been normalised to the population for each category.
There are 5,369 faults prior to processing and 2,375 faults after postprocessing.
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Figure 4-9: A subset of the F3 Netherlands seismic survey: A) a 2D seismic image. B) the
fault detection using the proposed CNN model. C) the postprocessed prediction of the main
faults.

The manual analysis in Chapter 3 indicated that most of the faults in the study area
were vertical and subvertical reverse faults with east-side-down or east-side-up
displacement as a result of several compressional phases during the Carboniferous,
Cretaceous, and Tertiary (Figure 4-4). Figure 4-10 shows the major N-S and NNW-SSE
striking faults of sets A and B in the samples used to train and validate the CNN (discussed
in Chapter 3). Thus, the model is trained to detect such fault types, including horst and
graben, half-graben structures, and strike-slip faults. The model was focused on detecting
linear faults using the Hough transform. Figure 4-4 shows that the CNN model
successfully detected these fault geometries and achieved accurate fault predictions.
However, non-linear fault types, such as listric faults, were not found in the study
area. Thus, they were not tested and can be a direction for future studies. For example,
curved faults can be trained using the proposed CNN model and several studies show a
potential of using the Hough transform to detect such types of faults. A recent study by
Bailey et al. (2020) showed that the Hough transform can identify features of an arbitrary
curve within an image by determining the patterns of the peak locus, linear segments,
inflection points, and corners. In another study in seismic data by Orozco-del-Castillo et
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al. (2011) for salt body detection, the generalised Hough transform was applied to build
parabolic shapes of these bodies from 2D seismic data. Therefore, the Hough transform
method could be generalised to construct other geological features such as non-linear
faults; however, it requires extra computation and processing. This limitation was also
encountered in another study by Khoshelham (2007) to detect arbitrary 3D objects in laser
range data using the generalised Hough transform, which is based on a voting process
that leads to a high computational cost.
In addition, an automated method to construct 3D fault surfaces using the 3D Hough
transform method was proposed by Wang & AlRegib (2014). In this study, thresholding
was used to highlight fault points, and the 3D Hough transform was then applied on the
binary volumes to detect fault planes. However, the Hough transform was found to
produce noisy fault planes, which is considered a limitation of this method and yield the
position and direction of fault planes to be determined by interpreters. Thus, a weighted
plane fitting method was used to generate a 3D fault surface. These limitations indicate
that the Hough transform is not perfectly capable of constructing 3D fault surfaces in
comparison with linear faults. Overall, the proposed model provides a huge potential to
automate fault interpretation with the aim of improving the exploration efficiency in the
industry.
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Figure 4-10: Combined stereonet (upper hemisphere, Schmidt projection) and rose diagram
plots showing the strike direction (coloured fans) and dip value and dip direction (coloured
dots) of the two fault sets identified from this study. Dot and fan colours are from the faults
displayed in Figure 3-9. The dip is calculated after time-depth conversion using a velocity
model. In both panels, the numbers on the outside of the plots represent strike degrees from
north, and the numbers on the inside of the plots represent the dip value in degrees. Each
of the coloured wedge segments includes fault sticks whose strike direction lies in a grouping
of 15 degrees azimuth (e.g., 330°-345°), oriented at 90° to the dip azimuth. Each wedge
segment of 15 degrees strike azimuth actually consists of several overlapping wedges, each
of which represents a single colour grouping (fault segment) of the data, as shown by the
colour of the dip azimuth/dip value dots. The length of each wedge is proportional to the
maximum number of data points for each fault segment (n= 12 for A and n= 8 for B) in the
specified wedge value, with zero at the centre of the plot and the maximum data value at the
circumference of the plot. A) N-S striking fault sticks of set A (n= 642). Dip azimuth of set
A faults vary between 255° to 300° from the north. B) NNW-SSE striking fault sticks of set
B (n= 568). Dip azimuth of set B faults vary mostly between 45° to 90° from the north. In
both plots (A and B), the dots represent the dip of the plane that lies at 90° to the lines drawn
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as the trace of each fault on the inlines. The dip values of these planes mostly vary between
5° to 25°, indicating that the true dip of the faults is between 65° to 85°.

Conclusion
In this chapter, I presented a comprehensive framework based on CNN for fault detection
using real 3D seismic data. The method is implemented with a case study on the Arabian
Basin in Saudi Arabia that has undergone a complex deformation history with episodes
of compression, extension, and subsequent reactivations. The CNN training, validation,
and testing datasets were extracted from the volume as 3D seismic cubes and labelled
manually to capture faults. Several augmentation techniques were further applied, which
increased the total number of the training and validation samples to 400 and 167,
respectively. Results showed that the CNN predictions successfully achieved an accuracy
of about 96% and a relatively low error rate of approximately 0.12. To obtain more
accurate predictions, postprocessing algorithms were then performed to improve the
prediction results of the proposed model using the test dataset by 77.5%. The test dataset
was also used to evaluate the model efficiency before postprocessing using IoU to
compare the accuracy of the proposed method with another fault detection algorithm.
Additionally, I introduced the average distance value to correlate the model predictions
before and after postprocessing with the ground truth. The result of the detection after
postprocessing surpassed the prediction results, which indicated more accurate estimation
of the real faults. Further tests were also conducted on the F3 Netherlands seismic survey
to provide more reliable results for fault structure identification. The fault interpretations
took approximately 3 months of manual work. On top of this, several hours of
computational time were used to train the CNN. The model was then used to interpret the
F3 dataset. In total, the model interpreted more than 2000 fault lines in less than 20
seconds, as outlined above. Once trained with one dataset, the CNN can potentially save
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weeks or months of work in identifying faults in an unseen seismic block. Therefore, the
automated method in this study achieved the thesis objective of identifying fault
efficiently while retaining high accuracy. In the next chapter, I discuss what elements can
be built upon the current algorithm as well as the understanding of the Arabian Basin.
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Chapter 5. Conclusion and Future Work
This thesis has presented a comprehensive framework to analyse the structural and
stratigraphic features of part of the Arabian Basin. In this thesis, I introduced three main
approaches. In Chapter 2, I investigated the regional tectonics that controlled the structure
of the basin. In Chapter 3, I presented a manual structural interpretation using the newly
acquired seismic data from the Arabian Basin to understand the implication of the tectonic
evolution in the region. In Chapter 4, I applied an automated method using machine
learning to enhance the efficiency of the manual fault interpretation while maintaining
high accuracy.

Thesis Conclusion
This thesis set out to understand the structural controls in the Arabian Basin. Chapter 2
showed that this basin was subjected to six main regional tectonic events from the
Precambrian to the Cenozoic age that shaped the geology of the basin. In addition to
several 2D seismic arrays and well logs, a newly acquired, processed 3D seismic data has
been provided to understand the structure of the basin. I observed two sets of faults (Nand NNW-striking) from the manual interpretation in Chapter 3. The N-striking faults
were correlated to the Carboniferous Hercynian Orogeny and the NNW-trending faults
were probably related to the reactivation of the late Precambrian Najd fault system during
the Cretaceous and Tertiary events. Therefore, I have improved the understanding of the
underlying mechanisms controlling the basin in the Triassic that is mostly linked to the
older Najd fault system and not to the Hercynian deformation. Additionally, I observed
that both the Hercynian and Alpine events had a major impact in controlling the fluid
flow in the region. The Hercynian unconformity controlled the lateral exchange of the
fluid from the Silurian shale to the Permian sandstones, while the reactivated faults in the
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Alpine events led to the development of potential structural traps. Thus, I have enhanced
the understanding of the impact of these deformations in the region.
An automated approach was taken in Chapter 4 to better and faster characterise the
fault geometry presented in Chapter 3 using CNN. The network was trained, validated,
and tested with a total of 586 samples that included a cube extracted from the Arabian
Basin’s seismic survey paired with manual fault labels that correspond to each seismic
image in the cube. Using the training and validation samples, the model successfully
identified fault structures with an accuracy of 96% and an error rate of 0.12; however,
fault segments appeared discontinuous. Therefore, I applied PPHT algorithm on the test
dataset to link these segments into a single line. Thus, I improved the accuracy of the
prediction results of the proposed model by approximately 77.5%. I also defined an
average distance value to evaluate the model performance by correlating the predictions
before and after postprocessing with the ground truth labels. The result of the detection
after postprocessing surpassed the prediction results, which indicated more accurate
estimation of the real faults. The computation time that took the model to generate a fault
probability volume for the testing datasets was less than 10-20 seconds, which in fact took
several months of manual work. Thus, this method helped to improve the efficiency and
can potentially save significant manual efforts.
Therefore, the thesis has established a better understanding of the structural controls
on the basin’s evolution and the effect of the deformation in controlling the fluid flow
using manual interpretation. Additionally, it helped to enhance the efficiency of the
manual interpretation using machine learning while retaining high accuracy.

76

Future Work
In seismic volumes, it is rare to find all fault geometries that could be trained in a single
model. Thus, it is considered one of the limitations of the applied automated method where
most of the faults in the study area were vertical or subvertical reverse faults in orientations
relatively close together (i.e., N- and NNW-striking). To improve the work presented in
Chapter 4, future studies might introduce other fault types and additional features to
determine the geometry, such as strike and dip calculation of the fault plane. However,
this study and other recent researches have focused on fault detection using a range of
artificial intelligence (AI) driven solutions and machine learning-based methods to obtain
the best possible results (Huang et al., 2017; Wu et al., 2018; Xiong et al., 2018; Li et al.,
2019; Wu et al., 2019). These methods help to accelerate the manual fault interpretation
process and show an immense potential for automating the whole seismic interpretation
process. Therefore, it is also recommended to focus on other workflows such as well-log
correlation, horizon interpretation, and channel delineation in future studies. The
revolutionary impacts of these tools will play a significant role in the exploration industry
to discover new prospects, reduce costs, and enable greater efficiency and accuracy.
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Figure A-1:The manual 3D seismic interpretation workflow used in this study.
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