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ABSTRACT

Distributed Acoustic Sensing (DAS) provides continuous and high-resolution spatial

monitoring capabilities along the entire length of the optical fibers where the ground

deformation, caused by seismic activity, is measured in strain or strain rate.

Telecommunication cables, known as dark fibers, offer a spatially dense and cost-effective

alternative for seismic data collection in urban areas. We demonstrated recording seismic

signals with a telecommunication cable provided by the Istanbul Metropolitan Municipality

along the Sea of Marmara on the Anatolian side of Istanbul from February to mid-March

in 2023. The collected data involves various seismic signals, such as teleseismic and local

earthquakes, including the East Anatolian earthquakes in February 2023 and their

aftershocks, controlled explosions, traffic, and other cultural noise.

This research aims to demonstrate the detection of local seismic activity in and around

Istanbul using DAS data. Monitoring local seismicity is essential to better understand the

tectonics and seismic activity in earthquake-prone regions. However, it is challenging to

detect and discriminate small earthquakes where the higher spatial resolution of DAS may

be advantageous. To this end, we first visually inspect as many earthquakes (local, regional

and teleseismic) listed in the earthquake catalogs recorded by the dark fiber that we could

find and compare our observations to data recorded by nearby strong-motion seismometers.

Our goal is to detect and explore the local events, through which we will use neural

networks to do so. Since we have a limited data set from Istanbul, which makes the

training challenging, we explore generating quasi-artificial data to build our training set.

We do this with the intention of training our neural network that when allowed to process

live DAS data in a sliding window fashion can flag event detection for researchers.

Our neural network performs with 98% - 100% success (depending on required

threshold value to flag a seismic event) for both the quasi-artificial training set and a
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reserved dataset of real DAS data containing earthquake signals. We then let the neural

network scan 38 days of nearly continuous data from the project in Istanbul in a sliding

window fashion, analyzing nine-second windows at a time. Over the 38 days, it detected 46

seismic events. Of these 46, we have located the causing earthquake by searching the

United States Geological Survey (USGS), Kandilli Observatory and Earthquake Research

Institute (KOERI), and Disaster and Emergency Management Authority (AFAD) catalogs

for 31 of them. Of the remaining 15, we were unable to confirm a cataloged event for them.

This indicates they are either extremely large active sources, or may be previously

unaccounted for/undocumented earthquakes.
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CHAPTER 1

INTRODUCTION

1.1 Background and Motivation

Across the globe, earthquakes have consistently presented a signi�cant risk to human

safety and infrastructure. A visceral and recent example is the devastating earthquakes in

Turkiye on February 6, 2023. These earthquakes, with magnitudes (Mw) of 7.8 and 7.5,

caused catastrophic destruction and loss of life, throughout Turkiye and Syria, which

showcase the urgent need for improved methods of seismic monitoring and analysis,

particularly in earthquake-prone regions like Istanbul, Japan, Los Angeles, San Francisco,

and Sumatra.

Just one month after these events, Turkiye's Disaster and Emergency Management

Presidency (AFAD) reported that the death toll had increased to 50,096, with 107,204

injuries. These �gures, reported in March 2023, have not changed signi�cantly since then.

The earthquakes displaced three million people, with an estimated 1.7 million living in

informal settlements, mostly in makeshift shelters or tents with extremely basic living

conditions. Many of these settlements lacked proper water and sanitation services and

required immediate assistance with basic household items and shelter support. Making

situations worse, heavy rains and 
oods heavily a�ected cities even further (AFAD, 2023).

The economic impact of the earthquakes has also been severe, with the UN Food and

Agriculture Organization (FAO) estimating $6.7 billion in losses and damage to

agricultural infrastructure and livestock production. The Turkish government reported

that the earthquakes caused about$103.6 billion of damage. In response, the international

community pledged a total of$7.6 billion at the International Donors' Conference for

Turkiye and Syria, with $6.5 billion designated for Turkiye in grants and loans (AFAD,

2023).
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The humanitarian response is led by the Government of T•urkiye, coordinated through

AFAD and supported by the Turkish Red Crescent (TRC) and the international

humanitarian community. E�orts include providing critical relief items like food, medical

supplies, shelter, winter supplies, hygiene kits, and other essential items to support the

immediate needs of the a�ected population.

These �gures highlight the overwhelming impact of these seismic events and the critical

need for advanced seismic monitoring systems to better manage and prepare for such

disasters in the future. Enhanced monitoring and preparedness could signi�cantly mitigate

the human and structural toll of future seismic events.

In this context, it is crucial to focus on Istanbul, a metropolitan uniquely vulnerable to

seismic activity due to its proximity to the North Anatolian Fault Zone (NAFZ). The

NAFZ transitions to a complex multi-fault system near Istanbul (Erdik et al., 2003). This

complex fault system produces a highly active tectonic region, placing Istanbul at a high

risk of destructive seismic events (e.g., Armijoet al., 2005; Bohnho� et al., 2013).

The NAFZ, a 1200-km-long dextral strike-slip fault zone separating the Anatolian and

Eurasian tectonic plates, has historically generated devastating earthquakes, including the

1999 Izmit earthquake with a magnitudeMw = 7:4. This fault, formed by progressive

strain localization and reaching the Sea of Marmara no earlier than 200 ka ago, is

seismically active with a cyclical seismic behavior. Earthquakes have gradually migrated

from the eastern portion, starting with the largest ever recorded 1939 Erzincan earthquake

(Mw = 8:0), to the western portions of the North Anatolian fault (Steinet al., 1997). The

August 17 _Izmit and November 12 D•uzce earthquake, 1999 events have loaded the

Marmara segment of the fault, and a major 7:0 � M � 7:6 event is expected in the next

half-century with an approximately 50% probability on this segment, potentially

threatening Istanbul's densely populated urban center (Armijoet al., 1999; Bohnho� et al.,

2013; S�eng•oret al., 2005).
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Soil conditions in Istanbul further complicate the risk, as regions with soft sediments

tend to amplify ground shaking, leading to more severe structural damage Spicaet al.,

2020. E�orts to mitigate these risks include developing high-resolution seismic hazard

maps and re�ning building codes to incorporate soil classi�cations that re
ect local

conditions. Increased seismic event detection capabilities will provide a more robust

catalog for researchers to use in producing seismic hazard maps, where the accurate

detection of local seismicity helps identify local faults and the tectonics of

earthquake-prone regions. To this end, the present study seeks to combine the autonomy of

neural networks (NNs) with the urban deployment capabilities of Distributed Acoustic

Sensing (DAS) technology to create a network that can contribute to this goal.

1.2 Advancements in Seismic Data Acquisition

Traditional seismic networks usually consist of broadband and strong-motion sensors.

Broadband sensors are designed to detect a wide range of frequencies, making them

suitable for capturing both low-frequency, distant earthquakes and high-frequency, local

events. Strong-motion sensors, on the other hand, are speci�cally designed to record the

intense ground shaking that occurs near the earthquake source. These networks often face

challenges when deployed in urban environments. These include sparse spatial coverage

due to �nancial or logistical reasons, vulnerability to theft, and impracticalities caused by

deploying many individual receivers in multiple locations.

Strong-motion sensors, on the other hand, are speci�cally designed to record the intense

ground shaking that occurs near the earthquake source. These networks often face

challenges when deployed in urban environments. These include sparse spatial coverage

due to �nancial or logistical reasons, vulnerability to theft, and impracticalities caused by

deploying many individual receivers in multiple locations. Though there is a need for dense

seismic networks for accurate monitoring, deployment is a real challenge in urbanized

areas, especially in historical metropolises like Istanbul. In such places, we must avoid and

are often not permitted to harm the environment or historical sites by digging holes.
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Additionally, it can be dangerous due to the presence of electricity, gas, and other

infrastructure. Recent advancements in technology, including DAS, o�er a new pathway for

e�ciently monitoring seismic activity, particularly in urban environments. DAS employs

�ber-optic cables to measure ground strain, providing a cost-e�ective sensing method. This

technology can capture ground strain at a high spatial resolution, revealing subtle seismic

signals that would otherwise be di�cult to detect. Any individual could deploy a DAS

cable in any nearly environment to increase spatial sampling coverage for seismic

monitoring, though this becomes increasingly di�cult in urban environments for the

reasons listed above. Existing telecommunications cables that have been installed by

governments and private companies become a favorable solution as they are already buried,

and reduce the logical and �nancial costs involved. Leveraging this existing

telecommunications infrastructure, this approach holds the potential to improve seismic

risk assessment by providing continuous monitoring across regions otherwise di�cult to

monitor (Martin & Biondi, 2018; Spica et al., 2020).

1.3 Research Objectives and Structure of the Thesis

This thesis aims to develop a comprehensive framework that combines the strengths of

DAS technology and NNs for the detection of local seismicity in Istanbul. Speci�cally,

Convolutional Neural Networks (CNNs) will be used to analyze seismic signals in

two-dimensional DAS data. The research aims to support the updating of seismic hazard

mapping and disaster preparedness in Istanbul.

The thesis is organized as follows:

ˆ Chapter Two provides theoretical insights into DAS and NNs, and their application

in seismology.

ˆ Chapter Three explains the methodology for synthetic DAS data generation and the

architecture of the CNN.
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ˆ Chapter Four presents the results of applying NNs to both synthetic and real DAS

data.

ˆ Chapter Five discusses the implications of the results and their importance for

seismic hazard assessment.

ˆ Chapter Six summarizes the thesis and proposes directions for future research.
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CHAPTER 2

CONCEPTUAL FOUNDATION

In this chapter, after giving a brief background of elastic seismic wave theory, we

expand to the essential background of the key technologies and techniques utilized in this

master's thesis, i.e., �ber-optic sensing and NNs. The �rst to be discussed is Distributed

Acoustic Sensing (DAS), an emerging technology in seismology that enables the acquisition

of seismic data with �ne spatial resolution. Following this, we examine CNNs, a class of

deep NNs known for their e�cacy in analyzing visual data. Together, these sections lay the

groundwork by providing the necessary technical context and frameworks that inform our

research approach and analysis.

2.1 Seismic Theory

Seismology is the scienti�c study of seismic waves generated by geological processes

such as earthquakes, volcanic activity, ice quakes, landslides, and ambient noise (e.g.,

tra�c, ocean waves, wind, industrial activities, etc.), as well as those produced by active

sources like hammer strikes, explosives, and vehicle-mounted percussive devices. As these

seismic waves travel through the Earth and return to the surface, they are detected and

recorded by instruments known as seismometers. The output from seismometers, called

seismograms, digitally captures ground motion in units of displacement, velocity, or

acceleration, typically measured in the vertical, north, and east directions.

The propagation of seismic waves is in
uenced by source parameters and the Earth's

internal structure, primarily through the mechanisms of refraction and re
ection.

Refraction occurs when seismic waves change direction as they pass through materials of

di�erent densities and elastic properties, causing the waves to bend or scatter. This

bending e�ect helps seismologists understand variations in subsurface layers. Re
ection, on

the other hand, happens when seismic waves bounce back upon encountering a boundary

6



between materials with contrasting properties. These re
ected waves provide critical

information about the depth and characteristics of these boundaries.

By analyzing seismograms, seismologists can infer the subsurface structures and

dynamics of the Earth. This analysis is essential for determining key earthquake

parameters, such as the time of occurrence, location, and magnitude. The detailed study of

these wave patterns enables a deeper understanding of the Earth's interior and contributes

to advancements in earthquake hazard assessment and mitigation strategies.

Elastic and Anelastic Seismic Wave Theory explores the physical principles governing

the propagation of seismic waves through the Earth's materials. While elastic theory

assumes the materials behave perfectly elastically, in reality, the Earth's materials exhibit

anelastic behavior. This means that as seismic waves travel through di�erent geological

media, including solids and 
uids, there is energy dissipation and attenuation. The

mathematical framework provided by elastic seismic wave theory forms the basis for

understanding these complex interactions, but it must be extended to account for the

anelastic properties of Earth materials.

Key concepts of elastic seismic wave theory include:

ˆ Elasticity: Assumes that the Earth's materials deform elastically, meaning they

return to their original shape after the stress is removed.

ˆ Wave Equations:Derivation and solutions of wave equations that describe the motion

of seismic waves in elastic media.

ˆ Wave Types:Detailed analysis of wave types (body waves and surface waves), their

velocities, attenuation, re
ection, refraction, and mode conversions.

ˆ Anisotropy and Heterogeneity:Considers how variations in material properties a�ect

wave propagation, including anisotropic (direction-dependent) and heterogeneous

(spatially varying) properties.

7



Elastic seismic wave theory is crucial for detailed modeling and simulation of seismic

wave propagation, which can be applied in �elds like global seismology, earthquake

engineering, and exploration geophysics to name a few. This theory o�ers the detailed

physical and mathematical tools needed for in-depth analysis and modeling, providing a

deeper understanding of the Earth's interior and improving the ability to predict and

mitigate the impacts of seismic events.

2.1.1 Propagation of Seismic Energy and the Seismic Wave Equation

Seismic energy passes through the Earth in the form of waves that propagate through

di�erent layers of the Earth's interior. These waves are generated by the sudden release of

energy from sources such as earthquakes, volcanic eruptions, and arti�cial explosions. The

propagation characteristics of seismic waves depend on the properties of the materials they

travel through, such as density, elasticity, and viscosity.

The seismic wave equation is a fundamental equation that models the propagation of

seismic waves through the Earth. The equation can be expressed as:

r 2u �
1
c2

@2u
@t2

= 0 (2.1)

where:

ˆ u is the displacement vector �eld,

ˆ r 2 is the Laplace operator,

ˆ c is the wave speed,

ˆ t is time.

This equation can be derived from the principles of elasticity and Newton's second law of

motion. The solutions to the seismic wave equation describe how seismic waves propagate

through di�erent media.
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To derive the wave speeds for an isotropic medium, we start with the constitutive

equations that relate stress and strain. For an isotropic medium, these are given by:

� ij = �� ij � kk + 2�� ij (2.2)

where:

ˆ � ij is the stress tensor,

ˆ � ij is the strain tensor,

ˆ � and � are the Lam�e parameters,

ˆ � ij is the Kronecker delta.

The relationship between the Lam�e parameters and the bulk modulusK and shear

modulus � is given by:

K = � +
2
3

� (2.3)

Using the constitutive equations and the equations of motion, we can derive the wave

speeds for primary (P) waves and secondary (S) waves in an isotropic medium. These wave

speeds are:

cP =

s
K + 4

3 �
�

(2.4)

cS =
r

�
�

(2.5)

where:

ˆ K is the bulk modulus,

ˆ � is the shear modulus,

ˆ � is the density of the medium.
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The solutions to the seismic wave equation, combined with these wave speeds, allow us

to model how seismic waves propagate through di�erent layers of the Earth's interior. By

understanding these wave speeds and the displacement vector �eldu, we can simulate the

behavior of seismic waves as they encounter various geological features and interfaces

within the Earth.

2.1.2 Propagation of Seismic Energy and the Seismic Wave Equation

Seismic energy passes through the Earth in the form of waves that propagate through

di�erent layers of the Earth's interior. These waves are generated by the sudden release of

energy from sources such as earthquakes, volcanic eruptions, and arti�cial explosions. The

propagation characteristics of seismic waves depend on the properties of the materials they

travel through, such as density, elasticity, and viscosity.

The seismic wave equation is a fundamental equation that models the propagation of

seismic waves through the Earth. The equation can be expressed as:

r 2u �
1
c2

@2u
@t2

= 0 (2.6)

where:

ˆ u is the displacement vector �eld,

ˆ r 2 is the Laplace operator,

ˆ c is the wave speed,

ˆ t is time.

This equation can be derived from the principles of elasticity and Newton's second law of

motion. The solutions to the seismic wave equation describe how seismic waves propagate

through di�erent media.

The seismic wave equation is used to analyze and simulate di�erent types of seismic

waves, including primary (P) waves and secondary (S) waves. The wave speeds for these

wave types are determined by the properties of the medium they travel through.
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For an isotropic medium, which is a material having identical properties in all

directions, the wave speeds of P waves (cP ) and S waves (cS) can be expressed as:

cP =

s
K + 4

3 �
�

(2.7)

cS =
r

�
�

(2.8)

where:

ˆ K is the bulk modulus,

ˆ � is the shear modulus,

ˆ � is the density of the medium.

The constitutive equations for isotropic media relate stress and strain through these

parameters and are used to derive the wave speeds. The solutions to the seismic wave

equation, combined with these wave speeds, allow us to model how seismic waves

propagate through di�erent layers of the Earth's interior. By understanding these wave

speeds and the displacement vector �eldu, we can simulate the behavior of seismic waves

as they encounter various geological features and interfaces within the Earth.

2.1.3 Types of Seismic Waves

Seismic waves are classi�ed into two main types: body waves and surface waves.

Body Waves

Body waves travel through the Earth's interior and are further divided into:

ˆ P waves (Primary or Pressure waves): These are compressional waves that travel

fastest and can move through both solid and liquid layers of the Earth. The motion

of P waves is longitudinal, meaning the particles in the material move back and forth

in the same direction as the wave propagation (top left of Figure 2.1).
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ˆ S waves (Secondary or Shear waves): These are slower than P waves and can only

move through solids. S waves cause particles to move perpendicular to the direction

of wave propagation, creating a shear motion (top right of Figure 2.1).

Figure 2.1 Top Left: Propagation of a P wave through a medium, illustrating the
compressional wave motion where particles move parallel to the direction of wave travel.
Top Right: Propagation of an S wave through a medium, depicting the shear wave motion
where particles move perpendicular to the direction of wave travel. Bottom Left:
Propagation of a Rayleigh wave through a medium, illustrating the elliptical particle
motion that occurs in a vertical plane, both parallel and perpendicular to the direction of
wave travel. Bottom Right: Propagation of a Love wave through a medium, depicting the
horizontal shear wave motion where particles move perpendicular to the direction of wave
travel and parallel to the Earth's surface. Obtained, with permission, from the IRIS
website.

Surface Waves

Surface waves travel along the Earth's surface. They are slower than body waves and

are responsible for most of the damage during an earthquake. They are divided into:

ˆ Rayleigh waves: These waves create an elliptical motion in the vertical plane, similar

to ocean waves (bottom left of Figure 2.1).
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ˆ Love waves: These cause horizontal shearing of the ground, with no vertical

displacement (bottom right of ??.

2.2 Seismic Hazard Assessment

Seismic hazard refers to the probability of an earthquake occurring in a given

geographic area and its potential impacts. Understanding and assessing seismic hazard is

crucial for disaster preparedness and mitigation. Seismic hazard assessment involves

evaluating several factors: seismic source characterization (Melettiet al., 2008; Moschetti

et al., 2015; Rahmanet al., 2020; Thenhauset al., 2003), which identi�es and studies

potential sources of earthquakes such as faults and subduction zones; ground motion

prediction (Bommer et al., 2005, 2010; Lanzanoet al., 2016), which estimates the intensity

of shaking at a location based on historical earthquake data and geological conditions; and

site e�ects (Aki, 1993; Bazzurro* & Cornell, 2004), which consider local soil and rock

conditions that can amplify seismic waves, leading to variations in ground shaking. Seismic

hazard maps are tools used to visualize areas at risk of earthquakes, and incorporate data

from all of these metrics and more. These maps are essential for urban planning,

construction, and emergency management, particularly in areas prone to seismic activity.

To reduce the risks associated with earthquakes, several mitigation measures can be

implemented. Developing and enforcing building codes ensures structures are designed to

withstand seismic forces (Comerio, 2004; Gouletet al., 2007; Stucchiet al., 2011).

Implementing early warning systems can detect seismic waves and provide warnings

seconds to minutes before signi�cant shaking occurs (Lee & Espinosa-Aranda, 2003;

Salzanoet al., 2009; Velazquezet al., 2020). Educating communities about earthquake

preparedness, including emergency response plans and safety measures, is also essential

(Pearce, 2003; Shawet al., 2004).
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2.3 Data Acquisition

2.3.1 Classical Instruments

Classical seismic instruments have been foundational in the �eld of seismology for over

a century. These instruments primarily include seismometers and accelerometers, which are

designed to detect and record ground motions caused by seismic waves.

Seismometers are sensitive devices that measure the velocity or displacement of the

ground. They consist of a mass suspended on a spring within a frame that is anchored to

the ground. When seismic waves pass through the area, the ground moves, but the mass

tends to remain stationary due to its inertia. The relative motion between the mass and

the frame is recorded and converted into an electrical signal, which can be analyzed to

determine the characteristics of the seismic waves.

Accelerometers, on the other hand, measure the acceleration of the ground. They

operate on a similar principle as seismometers but are designed to measure the rate of

change of velocity rather than displacement. This makes them particularly useful for

recording strong ground motions during earthquakes.

Both seismometers and accelerometers are typically deployed in networks, providing

detailed information about seismic events from multiple locations. The data collected by

these instruments include the amplitude, frequency, and duration of seismic waves, which

are crucial for understanding the source and propagation characteristics of earthquakes.

In addition to these, other classical instruments include geophones, which are used in

exploration or active source seismology to detect and record seismic waves re
ected and

refracted from subsurface structures. Geophones convert ground motion into voltage, which

can be recorded and analyzed to infer the properties of the subsurface.

The data acquisition process for classical instruments involves several steps:

ˆ Deployment: Instruments are strategically placed in the �eld, often in arrays, to

maximize coverage and sensitivity.
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ˆ Recording:The instruments continuously record ground motion, typically storing

data in digital formats for ease of processing.

ˆ Transmission:Data is transmitted to central processing facilities, either in real-time

or in batches, depending on the application.

ˆ Processing:The raw data is processed using various techniques to remove noise,

enhance signals, and extract meaningful information.

These classical instruments have proven to be highly reliable and e�ective for a wide

range of seismic monitoring applications, from earthquake detection and hazard assessment

to resource exploration and geotechnical engineering. However, providing a dense coverage

in highly populated areas has proven di�cult and expensive. The method to record seismic

data in this research side steps this issue by using technology previously installed for other

purposes.

2.3.2 Distributed Acoustic Sensing

The core functionality of Distributed Acoustic Sensing (DAS) lies in its utilization of

optical �bers as seismic sensors. These optical �bers, initially engineered for

telecommunications, can be repurposed into highly sensitive seismic detectors by

transmitting coherent laser pulses along their lengths. This process, known as

phase-sensitive optical time-domain re
ectometry (�-OTDR), is critical to DAS operations

(Hartog, 2017).

As seismic waves propagate through the surrounding medium, they induce strain

changes within the optical �bers due to ground deformations (Figure 2.2). This strain

manifests as minute perturbations in the phase and intensity of the backscattered light,

governed by the Rayleigh scattering phenomenon. The interrogation unit, equipped with a

highly coherent laser source and advanced photodetectors, captures these variations in

backscattered light (Masoudiet al., 2013).
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Figure 2.2 Simpli�ed cartoon of the basic equipment layout of a DAS survey.

The signal processing algorithms implemented within the interrogator unit demodulate

these phase shifts and intensity variations, translating them into comprehensive seismic

data. This data provides a continuous, high-resolution pro�le of seismic activity along the

�ber's length and direction. The spatial resolution and sensitivity of DAS are in
uenced by

the pulse width, laser coherence length, and the signal processing techniques employed

(Kuvshinov, 2016).

The adoption of DAS in seismology has introduced signi�cant advantages over

traditional seismic monitoring methods. The primary advantage is the remarkably high

spatial resolution that DAS provides, which allows for the recording of seismic data at a

scale far �ner than conventional seismometers in hard to monitor environments.

Researchers such as Lindseyet al. (2019) and Lior et al. (2021) have demonstrated the

e�cacy of DAS in capturing seismic signals in regions like ocean 
oors. Furthermore, DAS

has proven e�ective in urban areas, where densely populated environments pose unique

monitoring challenges (Fanget al., 2020; Martin et al., 2018), and has shown e�ective in

seismic inverse e�orts in urban areas (Shaikhsulaiman, 2023). The versatility of DAS

extends beyond traditional earthquake monitoring to include volcanic, geothermal, and

glacial systems, as documented by Joussetet al. (2022), Henningeset al. (2021), and Booth

et al. (2020), respectively.
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Moreover, DAS's ability to harness existing telecommunication �ber networks makes it

a cost-e�ective alternative, reducing the expense and logistical challenges of installing

specialized seismic networks (Ajo-Franklinet al., 2019). DAS also enables rapid

deployment for active source seismology (Mjehovichet al., 2023), allowing data acquisition

to occur more quickly than traditional systems. The technology's versatility allows it to

monitor a wide range of geological phenomena across di�erent settings, enabling researchers

to detect and analyze seismic activities from urban environments to volcanic systems.

Despite these notable advantages, DAS technology faces some challenges that

researchers must contend with. One signi�cant drawback is its sensitivity to environmental

noise, which often results in a lower Signal to Noise Ratio (SNR) compared to traditional

seismic data. This heightened sensitivity makes many traditional detection methods

ine�ective and requires sophisticated �ltering techniques to ensure data accuracy. Another

challenge is the vast amount of data that DAS generates, which makes manual analysis

impractical. The sheer volume of data introduces additional concerns around storage and

distribution, requiring data management solutions to handle the information e�ciently

(Dong et al., 2022).

2.4 Neural Networks

NNs are a class of machine learning algorithms designed to mimic the function of the

human brain, and was �rst articulated by McCulloch & Pitts (1943). These networks

consist of interconnected nodes organized into layers: an input layer, one or more hidden

layers, and an output layer. The input layer receives data, which for this thesis will be

Distributed Acoustic Sensing (DAS) data, and transmits it through layers connected by

weighted connections. Each connection's weight determines its in
uence on the signal.

Activation functions introduce non-linearities at each node, enabling the network to

capture complex patterns within the data.
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2.4.1 Neural Networks in Seismology

The utilization of NNs alongside traditional seismology methodologies has

demonstrated signi�cant e�ectiveness across a range of applications. In noise reduction and

�ltering, NNs have excelled in identifying and mitigating unwanted noise from seismic

data, enhancing the clarity and interpretability of signals (Djarfouret al., 2014; Zhong

et al., 2022). This has proven especially valuable in environments where high levels of

background noise complicate data analysis.

In seismic inversion and imagery, NNs have played a pivotal role in improving the

quality of subsurface imaging (R•oth & Tarantola, 1994). Their capacity to model complex

relationships allows for more accurate mapping of geological structures, which can be

critical in resource exploration and monitoring.

For event detection, NNs o�er a robust solution by swiftly identifying seismic events

amidst vast amounts of continuous data (Mousaviet al., 2020). Their ability to recognize

subtle patterns associated with seismic activities enables faster and more accurate event

detection than conventional approaches.

Moreover, phase picking, a crucial task in seismology for distinguishing di�erent seismic

phases, has been signi�cantly improved with specialized architectures like PHASENET and

its DAS-adapted variant, PHASENET-DAS (Zhu & Beroza, 2019; Zhuet al., 2023). These

models can distinguish the primary and secondary seismic phases with high precision.

2.4.2 Convolutional Neural Networks

This work utilizes a class of NNs known as CNNs, which was �rst developed by

Fukushima (1980). CNNs are particularly well-suited for analyzing two-dimensional data,

such as images. They can be adapted for seismic data processing, where their ability to

recognize spatial hierarchies in data can be leveraged to enhance feature detection in

imagery-type seismic data. CNNs have been used extensively in seismology. E�orts using

CNNs for seismic research include the detection of faults (Gaoet al., 2022; Weiet al., 2022;
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Xiong et al., 2018), seismic inversion (Daset al., 2019; Wanget al., 2020; Wuet al., 2018),

and seismic detection (Benweiet al., 2020; Perolet al., 2018). We model our network

architecture on work done by Huotet al. (2022), where they successfully developed a CNN

to detect microseismic events in a low noise environment from a controlled active source.

Our network architecture will be outlined in Chapter Three.

A CNN consists of multiple layers, each designed to process and transform the input

data in di�erent ways. The primary layers in a CNN include convolutional layers, pooling

layers, and fully connected layers. The key operation in CNNs is the convolution operation,

which is de�ned mathematically as follows:

S(i; j ) = ( X � K )( i; j ) =
X

m

X

n

X (i + m; j + n) � K (m; n) (2.9)

whereS is the output feature map,X is the input matrix (image or seismic data),K is the

convolutional kernel (�lter), and ( i; j ) are the spatial coordinates of the output feature

map. This equation represents the sum of element-wise multiplications between the input

matrix and the kernel, which slides (or convolves) across the input matrix.

The convolutional layer is typically followed by a non-linear activation function, such as

the Recti�ed Linear Unit (ReLU), which is de�ned as:

ReLU(x) = max(0 ; x) (2.10)

Pooling layers, such as max pooling, are used to down-sample the feature maps,

reducing their spatial dimensions and making the network more computationally e�cient.

The max pooling operation is de�ned as:

P(i; j ) = max
m;n

f S(i + m; j + n)g (2.11)

whereP is the pooled feature map, and the max operation is applied over a region

de�ned by the pooling window.

Batch Normalization is a technique used to improve the training of deep NNs by

stabilizing the learning process. It normalizes the output of a previous activation layer by

subtracting the batch mean and dividing by the batch standard deviation, followed by
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scaling and shifting. The mathematical formulation for Batch Normalization is as follows:

x̂ i =
x i � � Bp

� 2
B + �

(2.12)

yi = 
 x̂ i + � (2.13)

wherex i is the input to be normalized,� B is the mean of the batch,� 2
B is the variance

of the batch, � is a small constant added for numerical stability, ^x i is the normalized value,


 is a learned scaling parameter, and� is a learned shifting parameter. By normalizing the

inputs to each layer, Batch Normalization helps to reduce internal covariate shift,

accelerates training, and can also act as a regularizer.

Finally, fully connected layers are used to combine the features extracted by the

convolutional and pooling layers and produce the �nal output, such as a classi�cation or

detection result. Each neuron in a fully connected layer computes a weighted sum of its

inputs, followed by a non-linear activation function:

y = f

 
X

i

wi x i + b

!

(2.14)

wherey is the output of the neuron,wi are the weights,x i are the inputs, b is the bias,

and f is the activation function.

By stacking multiple convolutional, pooling, and fully connected layers, CNNs can learn

complex representations of the input data, making them highly e�ective for tasks such as

image classi�cation and seismic event detection.
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CHAPTER 3

PROBLEM DESCRIPTION, DATA AND METHODOLOGY

In this chapter, we describe our research problem, data set and methodology we

employed to analyze data by using a CNN to detect seismic signals in synthetic DAS data.

We begin by explaining the problem we aim to address|detecting local seismic events.

Then we divide the chapter into two main sections: "Data" and "Method." The "Data"

section covers the details of the Istanbul DAS project and the synthetic DAS data

generation. The "Method" section details the CNN architecture, training, and validation

processes.

3.1 Problem Description

The goal of this study is to autonomously detect local seismic events. We use DAS data

to record the seismic data, which provides us with a seismic station coverage in urban

environments that simply cannot exist with traditional seismic stations. The accurate

modeling of the subsurface geologic structures under locations such as this rely on seismic

waveforms being measured in as many locations as possible to provide �ne resolution.

With Istanbul's sensitivity to seismic energy due to local site conditions (Tezcanet al.,

2002), proximity to the NAFZ, and other factors, it is crucial to develop such models to

develop stat of the art seismic hazard maps to inform public policy. We seek to develop a

CNN which can detect seismic events in DAS data. The primary issue to overcome is the

lack of training data. To address this problem, we develop a process to generate

quasi-arti�cial data to serve as a training set.

3.2 Data

In this study, we collected and analyzed seismic data using a dark �ber

telecommunications cable in Istanbul, recorded over a period from February to March 2023.
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The following sections will detail the experimental setup, data collection methods, and the

processing techniques used to analyze the seismic signals.

3.2.1 Experimental Setup

In February and March of 2023, research worked with the municipality of Istanbul to

record seismic data on a dark �ber telecommunications cable. The objective was to collect

ambient seismic noise, to perform a a seismic inversion with this noise data. Results of this

can be found in Shaikhsulaiman (2023). The �ber-optic cable used to measure strain-rate

seismic data stretched approximately 30 km of distance along the shore of the Sea of

Marmara. Due to loss in data quality for portions of the �ber-optic cable after the eight

km mark, data from only the �rst eight km of the �ber-optic cable are used in this study

(Figure 3.1). This cable is a previously installed �ber-optic cable installed by the

Municipality of Istanbul. Data were measured from February 2, 2023 to March 13, 2023.

Until February 4, the channel spacing and sampling frequency were two meters and 1000

Hz, respectively, as part of a data collection validation phase. After February 4, these

changed to approximately eight meters and 200 Hz, respectively (Shaikhsulaiman, 2023).

Due to inconsistent channel spacing and occasional gaps along the line, a total of 709

channels along the �ber-optic cable recorded data. The present study only analyzed data

from February 4 to March 131.

The interrogator used for this project was the Silixa iDAS, owned and operated by the

ETH Zurich Seismology and Wave Physics Group, which provided an output format of

strain-rate measurement. The interrogator was positioned in G•oztepe Park, at the most

northern region of the �ber-optic cable con�guration. The nearest strong-motion seismic

station to this location was AFAD station TK3426 (Figure 3.1). The depth the cable was

buried varied from 20 - 50 cm (Shaikhsulaiman, 2023).

1There are breaks in the data due to line maintenance on the following dates: 1) 2023-02-14 10:45:00-14:02:00
2) 2023-02-20 12:43:47-16:25:00 3) 2023-02-21 10:10:00-15:50:00
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