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An accurate and trustworthy first break picking plays an important role in static
correction calculations, velocity analysis, and deconvolution. First break traveltimes
picking accuracy ensures correct and reliable seismic data processing results. Many
methods are available to perform the first break pickings automatically. However, most
of the methods do not give robust results when the signal-to-noise ratio (SNR) of the data
is low. In this study, I used an unsupervised machine learning technique called density-
based spatial clustering application with noise (DBSCAN) along with super-virtual
refraction interferometry (SVI) to automatically pick the first arrivals’ traveltimes. In the
case of noisy data, using only DBSCAN for first break picking shows poor accuracy. To
overcome this drawback, SVI is used to enhance the SNR of the raw data, and then
DBSCAN is applied to the enhanced data for accurate picking. | first use DBSCAN to
define an initial muting window for the SVI, then, SVI is used to enhance the SNR of the
first arrivals, and finally, I re-apply DBSCAN to pick the final first arrivals’ traveltimes.
The proposed approach is tested on synthetic and field data, where the manual and the
cross-correlation pickings are compared to the DBSCAN’s automatic pickings. For the

synthetic data, the automatic first arrival’s traveltimes picked by DBSCAN before using

XVi



SVI for all shots was poor, whereas, after applying SVI, it improved drastically, and
almost 98.4% of the DBSCAN's automatic first arrivals traveltimes pickings compared
with the manual fall within the allowable error of +8.33 msec. For all shot gathers of Ithra
field data, results show that DBSCAN’s automatic first break’s traveltime picking before
using SVI was poor again, whereas, after applying SVI, 86.4% of the pickings compared
with raw manual pickings were lying within the allowable error of £8.33 msec. | also test
a trace-by-trace version of the proposed approach on publicly available shot records
(Yilmaz shot gathers 6 and 25) to benchmark my technique for automatic first break
traveltimes picking’s accuracy with other established methods. Results show that the
performance of my methodology is better than the other methods by picking 91% and
99% traveltimes within an allowable error of £20 msec from the manuals for shots 6 and

25, respectively.
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CHAPTER 1

INTRODUCTION

1.1 GENERAL

The first arrival or first break can be defined as the onset arrival on a shot gather that is
comprised of the refracted energy associated with the bottom of the weathering layer
(Yilmaz, 2001). First break picking is usually a common step in seismic
reflection/refraction data processing (Al-Anezi et al., 2012; Al-Shuhail and Al-Shaibani,
2013; Almadani et al., 2015). First arrival traveltime is the first stage in transforming the
seismic data into a geological model. Among various steps to follow in conventional
seismic data processing, one of the important steps is the static correction. The
correctness of the first breaks traveltime picking is essential to improve the effectiveness
of reflection/refraction-based methods to calculate the static correction for processing
seismic data. There are different challenges that could be faced while doing the
calculations for the static correction. Examples include areas with complex near-surface
geology, data with a poor SNR, or weak source wavelet penetration, (Yilmaz, 2001; Al-
Mashhor et al., 2019). Ground condition and coupling at source and receiver locations
can also influence (Cox, 1999). So, first arrivals picking is a crucial step. Besides the
static correction, this step affects the subsequent steps such as velocity analysis
(Alkhalifah and Tsvankin, 1995), and deconvolution (Bell and Sejnowski, 1995). Further,

there are many renowned seismic data processing programs available such as Promax



(Fajaryanti et al., 2018), Focus and Grisys (F.-Y. WANG et al., 2015). To process the
seismic data, these systems involve a very important step which is to pick the first
arrival’s traveltimes. Moreover, the amount of seismic data that has been collected in the
field has also increased (Huahui et al., 2018). Therefore, automatic first arrival picking
methods are required urgently as the volume of seismic data is continuously increasing

(Akram and Eaton, 2016).

1.2 TYPES OF FIRST BREAK PICKING METHODS

1.2.1 MANUAL METHOD

Mainly, first arrival traveltime picking techniques are divided into manual and automatic
(Cox, 1999). Manual first break detection is done by discernible examination of the
amplitudes by an adept processor. However, there are many difficulties in manual
picking, particularly for data polluted with noise. These difficulties are related to many
effects, for instance, the experience of a human operator, the precision and ability of the
operator’s eyes, the scale of the imaging and data amplitude, the accuracy of the picking
cursor axes, and the signal-to-noise ratio. Moreover, this method requires a lot of time
once it deals with large datasets or are unfeasible when there comes a requirement for
real-time seismic data processing (Senkaya and Karsli, 2014). Further, if the dataset is
noisy, the manual inspection becomes harder. Consequently, the picking process may
take between 20-30% of the whole processing time, particularly if the dataset is big

(Sabbione and Velis, 2010).



1.2.2 AUTOMATIC METHODS

Nevertheless, many different algorithms and techniques using machine learning are
developed to perform first arrivals traveltime picking automatically. Many scholars have
proposed various approaches for automatic first arrivals detection. Gelchinsky and
Shtivelman (1983) employed the joint use of correlation technique with statistical
technique to restrict the results of first break picking. The energy ratio method was first
presented by Coppens (1985). A fractal-based algorithm for identifying first arrivals on
seismic traces was given by Boschetti et al. (1996). Mousa and Al-Shuhail (2012)
presented a first break enhancement technique by benefiting from the z-p transform on
energy-ratio to pick the first break in seismic shot gathers. Senkaya and Karsli (2014)
made use of the cross-correlation method to prepare the data for first-break recognition.
Chi-Duréan et al. (2017) have developed new algorithms benefiting from the Fourier
transform and the fractal dimension technique to determine the arrival traveltimes
automatically. Despite certain advantages, these methods suffer from a number of
challenges on field datasets. The primary problem is that these methods do not give

robust results in cases of low energy levels or low SNR (Pan et al., 2019).

Many advanced automatic first break traveltime picking algorithms have been developed
based on convolutional neural networks (CNNs) (Yuan et al., 2018; Ross et al., 2018;
Hollander et al., 2018). Nevertheless, methods based on CNNs present many difficulties
(Saad and Chen, 2021) besides being computationally expensive, time-consuming,
intensive data labeling, and slow convergence (Benediktsson et al., 1990; Han et al.,

2021).



1.3 AUTOMATIC FIRST BREAK PICKING APPROACH FOR

LOW SNR DATA

In this research, | proposed the DBSCAN (Density-Based Spatial Clustering of
Applications with Noise) along with the super-virtual Refraction Interferometry
technique to pick the traveltime of the first arrivals. DBSCAN is an unsupervised
machine learning method that uses clustering of the data to pick the traveltime of the first
breaks. A variety of clustering techniques are effectively applied for multiple purposes
such as outlier recognition, medical imaging, pattern recognition, and gene sequencing,
(Gan et al., 2007), automatic interpretation of geophysical data sections (Sabor et al.,
2021), automatic velocity picking (bin Waheed et al., 2019), seismic zones identification

(Karri et al., 2018), anomaly detection (Celik et al., 2011; Wibisono et al., 2021), etc.

Using DBSCAN to pick first arrival traveltimes was proposed by K. Lu and Feng (2018)
and tested by Abdullah (2020) during his thesis work. They achieved accurate results for
noiseless and very low-noise datasets. K. Lu and Feng (2018) used DBSCAN and
convolution neural network (CNN) to find the rough location of the first breaks, which is,
then, used to mute the data for the SVI application, and then pick the first breaks using

other standard automatic or manual picking methods.

So, to improve the results of DBSCAN picking, one way to increase the performance is
to increase the SNR. Therefore, before applying DBSCAN for the final picking, I plan to
use super-virtual refraction interferometry (SVI) to increase the SNR of the far offset
arrivals. SVI technique has been successfully applied to different seismic data generated

by land and marine surveys to enhance the far offset arrivals by different researchers



(Hanafy et al., 2011; Hanafy and Al-Hagan, 2012; Bharadwaj et al., 2012; Bharadwaj et
al., 2013; Vaezi and DeMeersman, 2014; Li et al., 2018). The general idea of SVI is to
construct and stack super-virtual refractions to improve the SNR of coherent refractions.
By enhancing the SNR, the DBSCAN job becomes much easier to identify accurate first
arrivals traveltime. In my research work, | follow K. Lu and Feng’s (2018) approach,
however, | first apply only DBSCAN to get an initial guess of the first break picking area,
then use this guess to define the muting window followed by re-applying DBSCAN after
the SVI step to automatically pick the first arrival. This results in accurate results even for

data with low SNR.

The schematic idea is to first add random noise into the synthetic data whereas the field
data has noise already. Apply the DBSCAN to get an initial guess for the picking. This
guess will give an idea to mute around the actual first breaks. This muted data will be fed
to SVI to enhance the SNR. This enhanced SNR data will be given to the DBSCAN again

to make the accurate picking. The schematic idea diagram is shown below in Figure 1.1.

After the successful application of DBSCAN with SVI on the synthetic data, field data
has been collected and this process is repeated to get the final output with accurate
traveltimes picking. To benchmark the results with other automatic traveltime picking
methods, the results are compared with the cross-correlation technique developed by
Senkaya and Karsli (2014), further, the methodology has been tested on two publicly

available datasets.
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Figure 1.1: Schematic representation of the proposed methodology.

1.4 OBJECTIVES

1. Enhance the signal-to-noise ratio of the first arrivals using super-virtual refraction

interferometry (SVI)

2. Accurate first arrival travel time picking using unsupervised machine learning
technique (DBSCAN)

3. Compare the results before and after applying SVI and picked by DBSCAN both

for synthetic and real datasets



1.5 JUSTIFICATION OF THE STUDY

There are two justifications for this study:

1. DBSCAN has been employed by K. Lu and Feng (2018) to locate the muting
window for the SVI application. It has also been employed to pick the first break
traveltime in noise-free or low-noise data, however, it has not been used to pick
the accurate first break traveltime in the presence of high-level random noise.

2. Many automatic methods available in the literature e.g., Yuan et al. (2018) and
Yalcinoglu and Stotter (2018) are using supervised machine learning techniques
to pick the first break traveltimes. Whereas, in this study, an unsupervised
machine learning technique has been employed that is much more flexible and
doesn’t require any labeling of the data like the supervised machine learning

techniques.

1.6 BENEFITS OF THE STUDY

As we know that automatic first break picking is very important for seismic data
processing e.g., static correction, velocity analysis, and deconvolution. Further, many
systems available in the market require first break picking for seismic data processing.
Many methods available in the literature struggle to pick the accurate first break in the
presence of low SNR data. In this study, DBSCAN along with SV has been used to pick
the first break accurately in the presence of low SNR data. So, the benefit of this study
would be to pick efficiently the accurate first break traveltimes automatically when the

data has poor SNR. The success of this method is very promising as the DBSCAN is an
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unsupervised machine learning technique that does not require any data labeling like

supervised machine learning techniques.

1.7 STRUCTURE OF THE THESIS

This thesis is divided into eight chapters as follows:

Chapter 1 starts with an introduction to first break picking and its importance in seismic
data processing. Then it introduces different first arrival traveltime picking methods and
their limitations. Next, the approach is briefly explained with an idea diagram. Lastly,
study objectives, justification, and benefits are described.

Chapter 2 mentions the literature review of first arrival traveltime picking methods from
past to recent studies. It covers semiautomatic and automatic methods being used for first
break picking and outlines their room for improvement. Further, it describes the
applications of the DBSCAN clustering algorithm, Seismic Interferometry (Sl), and SVI
techniques.

Chapter 3 contains the background theory of machine learning, DBSCAN, Seismic
Interferometry, and SVI techniques.

Chapter 4 describes the working principle of both techniques (DBSCAN and SVI) used
throughout this research work.

Chapter 5 contains three sections. The first section starts with the DSBCAN method
working steps and explains how to select different parameters e.g., sliding windows and
clustering parameters to start the methodology. The second section shows the working
steps of the SVI technique. The last part displays the complete methodology employed in

this study to pick the first break traveltime.



Chapter 6 starts with synthetic, Ithra, and Yilmaz field datasets information. Then it tells
the preprocessing steps that need to be followed. For example, it describes the guidelines
for the selection of different parameters needed to be determined for the DBSCAN
application and the band pass filter application for the Ithra field data before the SVI
application.

Chapter 7 concludes the results and discussions of the proposed method and suggests

some recommendations for future studies.

Chapter 8 states the prospects of the study and concludes the research work.



CHAPTER 2

LITERATURE REVIEW

2.1 PREVIOUS STUDIES RELATED TO FIRST BREAK

TRAVELTIME PICKING

In an early stage, Peraldi and Clement (1972) presented a cross-correlation of
neighboring traces to find the delay times between the first break and the peak of the
signal. The method was based on the similarity of the neighboring traces. But it did not
prove efficient in two cases: when the variation in the waveform of adjacent seismic
traces is large and when there are absent traces. By using the difference in time between
the first break and the peak of the wave, Hatherly (1982) proposed a method by using the
least-squares approach with the first kick idea to identify first arrivals. Nevertheless, the
method gives poor results when the resemblance between the traces is poor aside from
the reality that the algorithm comprises quite complex calculations. Gelchinsky and
Shtivelman (1983) employed the joint use of correlation technique with statistical
technique to restrict the results of first break pickings. The method gives good pickings
like those comparable with manual first break pickings when the SNR is high. This
technique produces large errors when SNR is low. The energy ratio method was first
proposed by Coppens (1985). He made the use of energy of the trace within one cycle
and of the whole-time window for determining the first break. This approach relatively
works better in the presence of noise, therefore, many scholars directed further research
depending on it. Baer and Kradolfer (1987) benefit from an envelope function and non-
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linear amplifier to detect phase pick automatically. Boschetti et al. (1996) proposed a
fractal-based algorithm to find the first break on seismic traces by examining the change
in fractal dimension along the trace. The fractal dimension is a measure of the
“roughness” of the trace. The divider method was used to calculate this dimension. This
method relies on a difference in the dimension which occurs when the trace transforms
from noise to noise plus signal (i.e., first break). The nature of this difference varies from
trace to trace, but a traceable change is always found to occur. But this method works
slower in the presence of significant noise; therefore, it is intended to use for high SNR.
Liao et al. (2011) presented another automatic first break picking approach built on time-
frequency analysis (spectral decomposition). Mousa et al. (2011) introduced a new
method that is built on the digital color-segmentation of energy ratios of refracted seismic
data. In general, this technique works better where the first two energy peaks are
separated from each other for far-offset traces. This method’s results are comparable to
Coppen’s energy ratio method. Mousa and Al-Shuhail (2012) proposed a first arrival
improvement method using the t-p transform on energy-ratio seismic shot gathers.
Senkaya and Karsli (2014) used the cross-correlation technique for automatic first arrival
detection. This method is comprised of three steps. A source wavelet is firstly determined
according to the noise content of the data, secondly, it is cross-correlated trace by trace
with the data. Then, the first arrival area on the data is highlighted manually and finally
maximal points of cross-correlated data which indicate the first break times are picked.
Chi-Duréan et al. (2017) have carried out new strategies built on the Fourier transform and
the fractal technique to find the arrival times automatically. Despite certain advantages,

these methods still show some application challenges. The primary problem is, these
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methods give less robust results in cases of low energy levels or low SNR (Pan et al.,

2019).

An automatic first break detection technique was proposed by Pan et al. (2019) by using
an image connectivity algorithm and multiple time windows. This technique efficiently
solves issues related to data with low SNR and low energy level first arrivals. But
selecting the connected parameter is a crucial step in the presented approach. In some
situations, it is hard to find this parameter by experience, which unavoidably leads to
repeated cycles. Thus, it needs to build another algorithm that can adjust the parameters

automatically.

Recently, picking first arrival traveltimes focused on using different methods of machine
learning such as applying a method based on reinforcement learning (Ma and Luo, 2018),
and Yalcinoglu and Stotter (2018) applied support vector machine. Many advanced
automatic first break traveltime picking algorithms have been developed based on
convolutional neural networks (CNNs) (Yuan et al., 2018; Ross et al., 2018; Hollander et
al., 2018). However, these methods based on CNNs have many difficulties, e.g., firstly, in
the testing phase, CNN may not identify the rotated/shifted objects which is thought as a
disadvantage while dealing with 2-D images (Zeiler and Fergus, 2014; B. Jia and Huang,
2020), secondly, the use of pooling later in the deeper layers reduction in data size that
results in information loss (Zeiler and Fergus, 2014; Sabour et al., 2017), thirdly, it can be
deceived in case if the object is mislocated that may require data augmentation (Zeiler
and Fergus, 2014; Sabour et al., 2017; B. Jia and Huang, 2020). Further, methods based

on CNNs are computationally expensive, time-consuming, slow convergent, and require
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intensive data labeling (Benediktsson et al., 1990; Han et al., 2021; Saad and Chen,

2021).

Al-Mashhor et al. (2019) developed a method for first break picking of first arrivals
based on the maximum difference between adjacent points of the trace envelope
(MDPE). The presented approach automatically selects the traveltime of the first arrivals
depending on the maximum difference between neighboring elements of the envelope of
a complex seismic trace. This method starts by calculating the Hilbert transform of the
complex seismic trace to get an envelope, converting its measurements to decibel values,
then computing the moving median of this envelop by using a sliding window, followed
by determining the differences of the moving median points and then mark the first break
where this difference is maximum. The approach was evaluated on synthetic gathers with
very low random noise addition, and the results were compared to manual picking. The
results showed that the method detected the picks with more than 88% accuracy. Further,
this method was assessed on real seismic data with relatively high SNR data and found
that the method estimated the picks with an accuracy of greater than 85%. However,

MDPE requires more testing with various data sets to understand its limitations.

2.2 PREVIOUS STUDIES RELATED TO DBSCAN

APPLICATIONS

DBSCAN is a clustering technique. A variety of clustering techniques are effectively
applied for multiple purposes in different fields such as outlier recognition, medical

imaging, pattern recognition, gene sequencing, etc. (Gan et al., 2007). It has also been
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applied in the automatic interpretation of geophysical data sections (Sabor et al., 2021),
automatic velocity picking (bin Waheed et al., 2019), seismic zones identification (Karri

et al., 2018), and anomaly detection (Celik et al., 2011; Wibisono et al., 2021).

Using DBSCAN to pick the first arrival traveltimes was proposed by K. Lu and Feng
(2018) and tested by Abdullah (2020), they achieved accurate results for noiseless and
low-noise data sets. The algorithm picks the first arrival’s traveltime very accurately in
case of noiseless or very low noise data but suffers in case of data with a high level of
random noise. To cope with noise in the data, K. Lu and Feng (2018) used DBSCAN and
CNN to find the rough location of the first breaks, which is, then, used to mute the data
for the super-virtual refraction interferometry (SVI) application to enhance the far-offset
head wave arrivals, and then pick the first breaks by using automatic/manual picking

methods.

In my thesis work, | follow Lu and Feng's (2018) approach, however, to define the
muting window for SVI, | use only DBSCAN with a restricted scanning window and
extrapolate for the missing picks approach to get an initial guess and then re-apply

DBSCAN after the SVI step to, automatically, pick the first arrivals.

Abdullah (2020) tested the DBSCAN algorithm during his thesis work only for noiseless
and very low-level random noise data and achieved accurate results. The reason for the
poor results in the case of high-level random noise is that the first arrivals get masked by
the random noise in the data and once the results, after applying linear moveout
correction, are stacked, the signals are canceled out and the algorithm misses the accurate

picks of the first arrivals. Secondly, using DBSCAN, he was scanning the whole data
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from the first sample to the last sample by selecting a sample and trace window in search
of the first break, and this caused DBSCAN to pick many outliers due to the random

noises present in the data.

2.3 PREVIOUS STUDIES RELATED TO SUPER-VIRTUAL

REFRACTION INTERFEROMETRY (SVI) APPLICATIONS

To increase the SNR of the far-offset arrivals, super-virtual refraction interferometry is a
robust and effective SNR enhancer for far-offset head waves (Bharadwaj et al., 2011;
Bharadwaj et al., 2012). The general idea of SVI is to construct and stack super-virtual
refractions to improve the SNR of coherent refractions. Numerous scholars used the SVI
theory successfully to enhance the far offset arrivals’ SNR. For example, Hanafy and Al-
Hagan (2012) and Al-Shuhail (2015) used SVI to increase the SNR of the far offsets to
improve picking accuracy. In a similar vein, Bharadwaj et al. (2013) used SVI to enhance
the first break SNR of ocean bottom seismic data, which significantly increased the
number of reliable pickable first break traces. Hanafy et al. (2011) employed SVI on land
seismic data to achieve a similar output as Bharadwaj et al. (2013). Additional successful
applications on different seismic data to enhance the far-offset arrivals include Vaezi and
DeMeersman (2014), and Li et al. (2018). By enhancing the SNR, the DBSCAN job

becomes much easier to identify first arrivals traveltimes accurately.
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CHAPTER 3

BACKGROUND THEORY

3.1 MACHINE LEARNING

Machine learning is a subset of Artificial intelligence that dates to the 1950s, and started
as the idea that computers can mimic the human brain (Samuel, 1959). The goal of
machine learning is to write an algorithm or code to solve any human brain tasks.
Machine learning consists of methods/techniques which learn from the labeled or
unlabeled data to enhance decisions making across a multitude of tasks (Qadrouh et al.,
2019). It is being used to solve industrial or real-life problems more efficiently. Different
examples include image/object/speech/pattern/handwriting/outlier/anomaly identification,
photo tagging, web page ranking, anti-spam filtering, medical imaging, gene sequencing,
etc., (Gan et al., 2007; Celik et al., 2011; Schmidhuber, 2015). Moreover, there are
numerous applications of machine learning techniques in the fields of petroleum and
geophysics such as petrophysical properties e.g., porosity and permeability estimation
(Hamada and Elshafei, 2010; Ahmadi and Chen, 2019), reservoir characterization
(Helmy et al., 2010), seismic velocity estimation from wireline data (Aleardi, 2015),
seismic faults identification (Araya-Polo et al., 2017), interpolation of seismic data (Y.
Jia and Ma, 2017), wavelet estimation (L.-X. Wang and Mendel, 1992), velocity analysis
(Calderon-Mac 1" as et al., 1998), automatic velocity picking of seismic data (bin Waheed
et al., 2019), inversion and interpretation problems (Kim and Nakata, 2018; P. Lu et al.,

2018), etc. Machine learning is typically categorized into two subtypes:
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a) Supervised machine learning methods

This is probably the most common type of machine learning being used. In the
supervised techniques, we make the computer how to learn. In these algorithms, we know
what the input is and what would be the output. We train our algorithm on this data and
evaluate it by asking a similar question on which the algorithm was trained and getting
the correct answer. To get an accurate output, the algorithm task is to find patterns and
develop a mathematical model between the input and output to predict the answer
accurately. Supervised machine learning can be divided into two types: classification, and
regression. If the problem has a discrete-valued answer (e.g., 0 & 1), it’s classification
learning while if the output is a continues value, it will be regression learning.
Classification learning problem examples include classifying, if an email is spam or not,
and if cancer is deadly or benign. We may have two or more classes of answers rather
than just two. Regression learning problems examples include predicting a house price,
and airline tickets fair.

b) Unsupervised machine learning methods

In these approaches, we have the input data, but we do not know what the
answers/outputs are. In other words, unlike the supervised algorithm, these methods do
not require any training/labeled dataset. The main task of these algorithms is to find
patterns or structures based on similarities or features and form grouping/clustering inside
the data. Therefore, unsupervised machine-learning techniques are much more flexible
than supervised machine-learning techniques. Unsupervised machine learning is also of
two types: clustering and non-clustering (Kaufman and Rousseeuw, 2009). Clustering

learning uses partitioning or hierarchical approaches to form clusters in the data. K-
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means and DBSCAN algorithms are examples of partitioning and hierarchical
approaches, respectively. In clustering learning, the algorithm doesn’t change or alter the
data to form clusters, but it finds some similarity patterns and groups them (e.g., gene
sequencing). Whereas, in non-clustering learning, algorithms changes or transforms the
data. A cocktail party is an example of non-clustering learning because it alters the data

to identify different voice patterns in the party.

3.2 DBSCAN TECHNIQUE

Partitioning and hierarchical are the two main types of clustering algorithms (Kaufman
and Rousseeuw, 2009). The first one divides the data into k clusters, where k is an input
parameter that is not easily determined for different applications. K-mean and k-medoid
approaches are examples of partitioning clustering techniques. The second one does not
require k as an input parameter and initiates a hierarchical break down of the dataset into
smaller sets iteratively until every subset contains only one object. The hierarchical
fragmentation is described by a dendrogram which can be constructed either by an
agglomerative or divisive approach (Ester et al., 1996). DBSCAN is an example of a
hierarchical clustering technique. DBSCAN involves two main input parameters to
perform clustering of the data. These two parameters are ¢ (epsilon) and the minimum
number of objects/points (minPts). The epsilon is a distance parameter and is used to
define the neighborhood of a point. All the points which are inside the epsilon distance
are called as the neighborhood points. The minPts is stated as the lowest number of the
data points in the neighborhood of that point to form a cluster. Using these two
parameters, DBSCAN forms clusters within a dataset. A high density of the
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points/objects in an area means a cluster otherwise noise or outlier (bin Waheed et al.,
2019). DBSCAN has many advantages over other clustering methods e.g., k-mean, or
mean-shift clustering. This method does not require the input of the number of clusters to
form within a dataset like k-mean, and it identifies outliers as noise unlike the k-mean
and the mean-shift clustering algorithm where each point will belong to a cluster no
matters if it’s a very different point. In addition, arbitrary sized and shaped (e.g., circular,

rectangular, and ellipse etc.) clusters can be identified successfully using DBSCAN.

DBSCAN starts by determining the data points into three types to start the clustering

procedure.

i.  Core points
ii.  Border points

iii.  Noise/outlier points

To do this, it starts with any random point in the data which is not determined as a cluster
or noise point and extracts its neighborhood using the epsilon distance. If the
neighborhood contains at least minPts, this point will be marked as a core otherwise noise
point. If this point is a core point, then it expands the cluster using the parameters
(epsilon and minPts) and adds more and more points into the same cluster until no more
points can be added. However, if this point is a noise point, the algorithm chooses another
point which is not been visited before and sees if it’s a core point or not. The point
labeled as the noise might become part of a cluster when visited from other points. In this

case, it will be labeled as a border point and will be assigned to a cluster whose core point
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is the closest one. This process is repeated until all points are visited and assigned to a

cluster or marked as noise/outlier (bin Waheed et al., 2019).

The epsilon and minPts can be estimated by the hit and trial method, or the epsilon value
can be assessed using the k-distance method for the input data. This k-distance can be
calculated using different pairwise distance measurement approaches such as Euclidean,
Square Euclidean, and Manhattan or City Block method, etc. In the k-distance method
using the Euclidean approach, for every point in the data, it calculates the distance to the
k™" nearest points and plots the sorted points vs the calculated distance. This plot shows a
knee and the ideal value for the epsilon gets located at the maximum curvature of the
knee. After this value of the epsilon, the noisy points start to be included in the cluster. A
higher value of epsilon means a smaller number of clusters in the data while a low value

means many clusters formation for the same minPts.

For the minimum points, the general guidelines are:

e For a noisy dataset, the value should be large and vice versa.

Using MATLAB, I have run the code, and the result of clustering is shown in Figure 3.1.
DBSCAN identified two clusters in the data. All empty circular-shaped points with
different colors are the data points. Blue color points show cluster one, magenta color
points show cluster two whereas red color points are noise/outliers. The epsilon distance

set for the data is one and the minPts accepted in the distance epsilon are 10.
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Figure 3.1: DBSCAN clustering result with epsilon = 1 and minimum points = 10, Blue color circle points shows
cluster 1, magenta color circle shows bluster 2, whereas red circles are either outlier/noise points, the Figure
generated by using MATLAB, version 2020a.

3.3 SEISMIC INTERFEROMETRY (SI)

Seismic Interferometry can be defined as, in general, an interference phenomenon
between pairs of seismic signals to generate patterns to estimate the subsurface
properties. These patterns, formed by cross-correlation and summation of seismic traces,
are useful to get information about the earth's elastic characteristics (Schuster, 2009). In
other words, seismic interferometry is to re-datum the data by cross-correlation and
summation for different shot gathers to remove the overburdened statics. SI has been
employed in different applications e.g., the transformation of vertical seismic profile to
single well profile, vertical seismic profile to surface seismic profile, super-virtual

refraction interferometry (SVI), etc. A simple illustration to describe the Seismic
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Interferometry idea is shown in Figure 3.2 below where the model represents a 2D
seismic data profile recorded over a sandstone lens comprised of a complicated
overburden. The seismograms are recorded by assuming a 1D wave propagation model
and only considering vertical wave recording for simplicity. Each trace is recorded by
designing the layout as having one shot and one receiver at each location. The record
shows us two events recorded; the earlier one from the top of the sandstone lens shown
by dashed lines and the later one from the bottom of the sandstone lens shown by solid
lines as shown in Figure 3.2. The objective to determine the shape of the sandstone lens is
interrupted by the complex overburden caused by the velocity anomalies (Figure 3.2a).
These interruptions are sometimes called residual statics which need to be removed to get
a clear shape of the sandstone lens using the seismic data. To do so, we observe that the
two-way traveltime for all the traces through the overburden from the top of the
sandstone lens back to the earth's surface is equal to t.m., Which changes for each trace
depending on the complicated near-surface statics caused by velocity anomalies (Figure
3.2a). To eliminate this static, we can shift each trace by t.wm, and this shifting is roughly
equivalent to cross-correlating two traces. The result after this shifting is shown in Figure
3.2b where we not only removed the effect of the complex near-surface but also, we
moved our source locations closer to the target which improves the resolution. There are
many benefits of Seismic Interferometry e.g., we don’t need to know the source location,
velocity model, and excitation time. Sl has been employed in different applications e.g.,
converting vertical seismic profile to single well profile, vertical seismic profile to

surface seismic profile, etc., (Schuster, 2009). Moreover, many researchers used Sl
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successfully to enhance the SNR of the seismic data (H.J. Nicolson, 2011; H. Nicolson et

al., 2012; Al-Shuhail et al., 2013; Kang, 2014; Liu et al., 2014).
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Figure 3.2: Reflection seismograms (zero and shifted zero offsets) over a sandstone lens with complex near-
surface/overburden (a), representing static removal using Seismic Interferometry (b), (Schuster, 2009).

There are different types of Seismic Interferometry e.g., reflection, and refraction (Dong
et al., 2006; Schuster, 2009; Al-Hagan et al., 2014). Refraction interferometry was
introduced by Dong et al. (2006) to tackle the problem associated with refraction imaging
in the controlled-source data. The issue with refraction imaging was the low signal-to-
noise (SNR) ratio and this ratio decreases with an increase in distance between source
and receiver. As result, the first arrival traveltime picking of the refraction data becomes
limited and this consequence adversely affects the application use of refraction imaging.

By using refraction interferometry, this problem was partially mitigated, and the SNR of

the far-offset arrivals was enhanced by +/Ns, where Ns are the post-critical source
positions that are coincident with receivers associated with the generation of the first

break. The general idea of this method is to correlate two traces and stack them for
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different shot positions to yield a virtual refraction with enhanced SNR (Figure 3.3a).
There were four problems associated with the Dong method of SI (Al-Hagan et al.,
2014). After the correlation step, the excitation time remains unknown which is an
important input to find the depth of the refractor (see Figure 3.3a after correlation in
which the virtual trace has a virtual source at geophone position X’ having -xx’ excitation
time). The second problem was that the offset between the source and receiver of the
virtual trace becomes smaller due to smaller traveltimes and ray-paths. Thirdly, the
source location remains unknown, and lastly, the wavelet becomes distorted after the
cross-correlation step. In remedy to the first problem, Dong et al. (2006) proposed that
the virtual source position can be repositioned to the earth’s surface by rectifying the
stacked virtual refraction traces to an observed traveltime in the original data.
Nevertheless, to cope with these issues and to further enhance the SNR of the far offset
arrivals, Bharadwaj et al. (2011) introduced the theory of “Super-virtual Refraction
Interferometry” shown in Figure 3.3 (a & b). SVI relocated the virtual source by
convolving it with the recorded trace which resolved the issue of unknown excitation
time and unknown source position. Also, by this, the receiver spread can be extended to
its maximum recording extent and the absolute first break arrival time is appropriately
accounted for as well. However, the output wavelet remains distorted after SVI which

cannot be fully resolved so far.

3.4 SUPER-VIRTUAL REFRACTION INTERFEROMETRY (SVI)

The theory of Super-virtual Refraction Interferometry was introduced by (Bharadwaj et

al., 2011; Bharadwaj et al., 2012). The typical concept of SVI is to use the far-field
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reciprocity equation of cross-correlation and convolution (Equations a and b are given
below). It first generates and stacks virtual refractions using cross-correlation of traces
for all post-critical source positions followed by convolving the virtual refractions with
the raw data and stacking these convolved refractions which are known as super-virtual
refractions. By this, the SNR of the far offset first break improves drastically. Numerous
scholars used the SVI theory successfully to enhance the far offset arrivals’ SNR e.g.,
Hanafy and Al-Hagan (2012) and Al-Shuhail (2015) used SVI to increase the SNR of the
far offsets to improve the manual and automatic first break picking, Bharadwaj et al.
(2013) used ocean bottom seismic data to enhance the first break SNR and this
significantly increased the number of reliable pickable first breaks traces, (Hanafy et al.,
2011; Hanafy and Al-Hagan, 2012) employed SVI1 for the land seismic data to achieve a
similar output as of (Bharadwaj et al., 2013).

mGex 19" ~ k | 6'(x15) Gy | )ds (@)

post-crit sources

G(y | s")SPer = 2ik G|y G(x|s')dx (b)

receives

SVI requires one main input to run, and this input is the determination of the muting window
around the first break area. Otherwise, there would be unwanted artifacts in the output. These
artifacts are caused by the violation of the assumptions of the reciprocity equation. As a
solution, to get rid of these artifacts, Dong et al. (2006) gave the idea to mark a proper
window around the first break so that only the head-wave refractions are correlated with
each other. It will remove the artifacts generated by unwanted cross-correlation among

direct arrivals, reflections, and refractions. To achieve the best results, the window is
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aimed so that all first arrivals except those coming from the bottom of the same layer that

reaches within one to two periods of the estimated first break time are muted.

a) Crosscorrelate and stack over post-critical source positions to generate virtual refractions

s s X y s s X y s s X y
m@@m:ﬂ

b) Convolve and stack over different receivers' locations to generate super-virtual refractions

s s X y s s X y s s X v

Figure 3.3: Schematic diagram for generating super-virtual refraction traces using SVI (Hanafy and Al-Hagan,
2012).
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CHAPTER 4

WORKING PRINCIPLES OF DBSCAN AND SVI

4.1 DBSCAN TECHNIQUE

In DBSCAN, it classifies the objects in an area as a cluster that is tightly packed together.
A high concentration area of the objects means a cluster whereas a low concentration area

means noise or an outlier (bin Waheed et al., 2019).

DBSCAN has two key inputs to do the clustering: e: The radius of the vicinity nearby the
data point and minimum points: The smallest value of data points in a neighborhood of a
point. The € and minimum points can be estimated by using the hit-and-trial method. As a
general guideline, a small & value with a small number of minimum points for noise-free

data and a small & value with a large number of minimum points for noisy data is chosen.

DBSCAN divides the data objects into three categories to perform clustering: Core,
Border, and Noise points. Core objects are labeled core objects as if the vicinity of the
object contains minimum objects. Border objects: If the vicinity has fewer than minimum
objects but it is accessible through other core objects, it is marked as a border object.
Noise objects: an object is marked as noise if it is neither a core object nor a border.
Using these definitions, the following are the steps of a DBSCAN algorithm (bin Waheed

etal., 2019):

1. Start with any arbitrary object which does not belong to a cluster or is labeled as a

noise object. Count the number of vicinity objects inside a distance ¢ from that object.
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Characterize it as a core object if the vicinity contains objects greater than minimum

objects. Otherwise, mark it as noise.

2. When a core object is established, enlarge the group through the addition of all directly
accessible objects. If a noise object is included, alter its standing from a noise object to a

border object.

3. Steps 1 and 2 are reiterated to all data objects unless all the objects are either marked

as a cluster or an outlier.

4.2 SUPER-VIRTUAL REFRACTION INTERFEROMETRY (SVI)

To generate the output for SVI i.e., super-virtual refractions, the equations of reciprocity
for correlation and convolution were used as given below in (a) and (b).

GG 19" ~ k [ 6'(x15) Gy | s)ds. @

post-crit sources

G(y | s ~ 2ik Gx|y)V™ G(x|s')dx. (b)

receives

In Figure 4.1(a), s and s’ are the positions of the sources whereas x and y are the
receiver’s locations. k shows the average wavenumber. For a virtual shot located at x/,
and receiver at y, G(x|y) is the Green’s function having a virtual excitation time
equivalent to -tw. The output of SVI denoted by G(y|s)*P*" is generated by the

convolution of field data G(x|s") with the virtual data G(x|y)"'™ as shown in Figure 4.1(b).
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a) Crosscorrelate and stack over post-critical source positions to generate virtual refractions

s s X YV s s LR A s s X_ ¥y
M®u:m

b) Convolve and stack over different receivers' locations to generate super-virtual refractions

s s X y s s X y s s X ¥y

Figure 4.1: Schematic diagram for generating super-virtual refraction traces using SVI (Hanafy and Al-Hagan,
2012).

The steps involved in SVI are illustrated in Figure 4.1 and explained as follows:

a) The virtual trace ¢,(x,y, t) is created by correlating the field data trace located at x to
the trace at y for the source at s. This virtual trace will have traveltime given by txy — Txx.
This arrival time will be the same for all post-critical source positions provided that the
arrivals are from the same layer, so stacking Xx¢,(X,y, t) will enhance the SNR of the
virtual refraction bym. Ny is the number of post-critical source positions that generate

this specific refraction.

b) In the second part, the virtual refraction traces generated before are convolved with the

field data traces. The results are summed for different geophone locations to get the
super-virtual traces with improved SNR by a factor of \/N,,. N, here, is the number of

coincident receiver positions that are at post-critical offset for this specific refraction.
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CHAPTER S

WORKFLOW AND METHODOLOGY

There are two techniques (DBSCAN and SVI) used throughout this study. In case of
noisy data, DBSCAN will give an initial guess of the picking. This initial guess will
guide to the window location to mute around the first breaks. Then SVI will enhance the
SNR of this windowed data. In the end, DBSCAN will find the first arrival’s traveltime

automatically.

5.1 DBSCAN ALGORITHM

The steps used in the proposed DBSCAN algorithm are:

1. Select a sliding window with a predetermined number of traces and time samples
(Figure 5.1a).

2. Select a range of velocities and velocity step, and then apply the linear moveout
(LMO) for each velocity step.

3. Stack traces after LMO (Figure 5.1b) and apply a threshold to the stacked image to
remove the small LMO values (Figure 5.1c).

4. Apply the DBSCAN clustering algorithm to form the cluster (using predefined
epsilon and minPts) and determine the optimum velocity and the picking time values
from the centroid of the cluster (Figure 5.1d).

5. Extrapolation is used to find picks for traces that DBSCAN could not pick.

6. Smooth the pickings by using the moving average method and apply a constant shift

to reduce the error of the picks from the manual and compensate for the SV delays.

30



7. Repeat this procedure on all other shot gathers.
Before starting the DBSCAN algorithm, we should apply a constant shift to all the traces
so that DBSCAN does not miss the picking for very early arrivals in the window. Mute
the amplitude values as much as possible to clean the data. Normally, each first arrival
picking is more in time than the previous one, so, it follows a slope. The trace, if it has
good SNR, which comes first in the window forms a cluster at the bottom of the window.
At the same time, clusters due to the random noise if any, mostly form within the first
half of the window. Therefore, in the presence of noise, we should accept the clusters that
form within the center to the bottom of the window. This is achieved by applying a
cluster’s centroid acceptance condition and it improved the initial guess significantly.
DBSCAN was able to accurately pick only the noise-free data and failed severely in its
presence. The main reason | found was that the algorithm was scanning the whole data
from the first to the last sample in the data to find the first break traveltimes. Although,
the noise is random, yet, when | apply DBSCAN, it forms clusters in the noisy area. It
was making the DBSCAN a huge set back to pick the accurate/near-to-accurate
traveltimes. As we know, the first break follows the time offset attribute, and usually,
each next first arrival traveltime is more in time than the previous one, hence, restricting
the scanning window after picking the first value could enhance the DBSCAN findings a
lot. So, | employed this idea to restrict the scanning window to find the first arrival in the
presence of noise. This utilization enhanced the DBSCAN picking efficiency
dramatically. Although it could not find the traveltimes perfectly, still it takes us near the

accurate picking. | used these picked traveltimes to define a muting window which is a

31



key input for super-virtual Refraction Interferometry to enhance the SNR of the noisy

data.

5.1.1 SELECTING A SLIDING WINDOW

Selection of an appropriate user-defined window with a specified number of traces and
samples must be done before any calculation steps (Figure 5.1a & 5.2a). The idea behind
this is to specify the number of traces and samples, on the x and y-axis, respectively. It
makes sure that the algorithm does not miss any first arrival in the whole dataset. The
values of traces and sample windows differ from one data set to another. Nevertheless, as
a general guideline, the length of the sample window should be greater enough to have at
least one period of the data and a trace window should be chosen enough so that it has
enough events which show the slope of the data. As an optimum practice, the trace
window should be small (5-10 traces) irrespective of the noise in the data, and the time

window should be 1 to 3 periods, preferably one period.

512 APPLYING LINEAR MOVEOUT CORRECTION (LMO) AND

STACKING

There are some seismic events such as first arrivals that have time-offset attributes that
can be represented by a straight line. The LMO algorithm is applied to remove the effect
of offset on traveltimes and eliminate the dipping of first arrival events to project these
events horizontally. LMO uses a constant linear velocity to compute a single time shift
applied to each trace in the given dataset. Therefore, it’s typically used to “flatten” an

event that is linear with offset on a shot gather. Mathematically, LMO is defined as:
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timo=to+ xn/ V. (©)

where timo is the static displacement on the n' trace, to is two-way traveltime
corresponding to the zero offset where the first trace is always fixed without applying
LMO correction, xn=(n—1)Ax is the offset of the n'" trace, v is the constant linear

velocity, and Ax is the distance between two geophones/traces.

The first step in the LMO is to select a velocity range within the selected subset of the
data to be attempted in equation (c) and then stack the traces for each selected velocity to
calculate the output energy (Figure 5.1b and 5.2b). The maximum output energy will give
the optimum velocity for the given data subset in the window. To discriminate between
signal and noise, | apply DBSCAN on the cluster image (Figure 5.1c, and 5.2c) that is
generated using a threshold value to the stacked LMO image (Figure 5.1b and 5.2b). If |
have 1 to 3 clusters in the LMO stacked image, then data in the window is categorized as
a signal (Figure 5.1c), else the data in the window is considered noise (Figure 5.2c). If the
selected window contains signals, then traces will show coherent events and LMO
amplitudes can be clustered together (Figure 5.1d). However, a window with only noises
shows no coherent events, and, hence, the LMO amplitudes are broadly dispersed,
making no cluster or many small-size clusters. Signals are less likely to be misclassified
as noise when larger thresholds are used, especially when the data has a low SNR.
However, by increasing the likelihood of identifying noise as signals, the trade-off is a

decrease in classification accuracy.
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Figure 5.1: DBSCAN clustering in the presence of data and noise. (a) shows the selected window with 5 trace
and 100 sample numbers, (b) is the stacked LMO image, (c) shows the stacked LMO image after applying the
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Figure 5.2: DBSCAN shows no or many clusters in the presence of noise only. (a) shows the selected window
with 5 trace and 100 sample numbers, (b) is the stacked LMO image, (c) shows the stacked LMO image after

applying the threshold, and there is no DBSCAN cluster formation.
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5.2 SVIALGORITHM

After muting the near offsets direct arrivals and around the probable first breaks that are
from the bottom of the same layer, SVI gets this muted windowed data as its input and
generates the super-virtual traces with improved SNR of the first breaks after the cross-
correlation and stacking, and convolution and stacking. A deconvolution filter can be
applied after the cross-correlation step on the virtual traces to decrease the ringyness
issue in the first breaks. Unluckily, the SNR improvement of SVI is, in some cases, not
sufficient for accurate picking of far-offset first breaks. In these cases, SVI needs to be
applied iteratively which could improve the SNR of far-offset sufficiently. Therefore,
DBSCAN can pick these enhanced SNR arrivals accurately. For iterative SVI, the SVI
traces will be used as the new input to the SVI technique. It will result in an output with
improved SNR of far-offset traces.

The steps used in the proposed SVI method are shown in Figure 5.3 below:
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Input Data

Window aroung the first arrival
and mute near offsets

Correlate and Stack to generate
Virtual Refractions
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Apply Deconvolution filter ‘
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Do first arrivals at
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No

) ¢ . Yes ‘
Output Data |

Figure 5.3: Flowchart indicating the different steps involved in SVI.
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5.3 PROPOSED METHODOLOGY

f— Input Datg —1

Synthetic Data ——, | Field Data_

Add Noise

Apply DBSCAN
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| Initial‘Guess |
Mute around
N
( DBSCAN Picking
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No Apply SVI
v
Final Results PRCE Satisfied?
Do first arrivals at No
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Check the quality reasonable SNR?
of the picking
l v Yes
- Apply DBSCAN

Figure 5.4: Research methodology accurate first break picking automatic using DBSCAN and SVI.
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CHAPTER 6

DATASET INFORMATION AND PREPROCESSING

6.1 SYNTHETIC DATA

A two-layer 2D velocity model, with a dimension of 600 m wide and 80 m in depth is
used to generate a synthetic dataset using acoustic finite difference forward modeling as
shown in Figure 6.1. The layers’ velocities are constant, with values of 500 and 1500
m/sec for the first and second layers, respectively. Both layers’ density is constant
assuming the acoustic medium and layer two has varying thicknesses as shown in Figure
6.1. | designed the layout as having 121 receivers and 121 shots, placing a shot at each
receiver location with an interval of 5 m, 0.00025 sec time interval, and total run time
equal to 1.250 sec, the peak frequency is 30 Hz using Ricker wavelet. To focus on the

refracted data, I am only showing almost half (2500) of the samples recorded.

200

400 ¢

Depth (m)

600 - 1

800 - , l . . * .
100 200 300 400 500 600

Length (m)

Figure 6.1: Synthetic velocity model showing a two-layer velocity model with first and second layer’s velocities

of 500 m/s and 1500 m/s, respectively.

38



Figures 6.2, 6.3, and 6.4 show three examples of shot gathers generated using the velocity

model, where two of them shows an end-on spread while the other one has a split spread.
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Figure 6.2: Shot gather 1 from the synthetic data.
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Figure 6.3: Shot gather 60 from the synthetic data.
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Figure 6.4: Shot gather 121 from the synthetic data.

6.2 |ITHRAFIELD DATA

The refraction field data has been collected near Ithra Dammam, eastern Saudi Arabia,
using conventional seismic data layout having dimensions of 600 m long profile, placing
each shot at each receiver location. Five geodes are used each containing 24 geophones to
cover the profile length, so, a total number of 120 geophones are used to record the data
with an interval of 5 m, and 120 shot gathers with the same interval as of geophones are
collected in the field, sample interval of 0.0005 sec, with a total time to record is two sec.
The shot was generated using an accelerated weight drop of 200 Ibs. and | used 5 stacks
at each shot location. The noise level in the data is severe in many if the shots as you can
see in Figures 6.5 and 6.6 for shot gathers 1, and 100. To focus on the refraction data, |

am only using less than half (1500) of the samples recorded.
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Figure 6.5: Ithra field’s data shot gather 1, end spread.
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Figure 6.6: Ithra field’s data shot gather 100, split spread.

6.3 YILMAZFIELD DATA

To compare the results of our methodology with other methods, | have chosen two shot
gathers (6 and 25) from Yilmaz’s published assortment of worldwide field seismic
datasets (Yilmaz, 2001). Both shot gathers have been recorded using dynamite as the
source. Shot gather 6 has 48 traces, with 4 msec as the time sample interval and receiver
spacing of 100 m. While the shot gather 25 has 98 traces, with 2 msec as the time sample

interval and receiver spacing of 50 m. Both the shots have good SNR (Figures 6.7 and
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6.8) as compared to the synthetic data with added random noise (Figures 11a and 11f)
and the Ithra field data (Figures 6.5 and 6.6). So, | am expecting very accurate first break
picking as compared with other automatic or semi-automatic methods that have been

tested on these two shots against manual picking.
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Figure 6.7: Yilmaz shot gather 6 recorded in the Far East.
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Figure 6.8: Yilmaz shot gather 25 recorded in Alberta.
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6.4 PREPROCESSING

Before starting with the DBSCAN method for an initial guess, we must preprocess the
data to make sure that our initial guess for synthetic and field data will come as
accurately as possible. For synthetic data, | observed that the direct and first break
amplitudes were very low in many of the traces as we can see in Figure 6.9 below. The
area of the weak amplitude direct and first break on the left side of the shot is shown by

the two black color double head arrows (Figure 6.9).
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Figure 6.9: Synthetic shot gather 60 showing small amplitude first arrivals, the area is indicated by black two

head arrows.

Among others, there could be two ways to improve the amplitudes of weak first arrivals.
One can be to apply automatic gain control and the other could be to increase the
amplitudes by clipping method. The idea of clipping is that we multiply all the
normalized data with a high value and then divide these enhanced amplitudes values by a

smaller value followed by normalization again.

By this, the small amplitude values increase by the ratio of high and low values. For

example, if we multiply the amplitudes by 50 and then divide by 5, the small amplitude
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values will increase by 10 times as compared to the initial amplitude values. These values
are selected so that most of the weak amplitude values become visible. For my synthetic
data, | applied the clipping method and increased the weak direct and refraction
amplitude by 20 times. | did not apply the automatic gain control as the image becomes
very ugly after applying it. The result with enhanced amplitudes of direct and first break
arrivals are shown by the two black color double-head arrows after applying the clipping
method (Figure 6.10). We can clearly observe that those direct and first break arrivals
which had very weak amplitude values before (Figure 6.9) get visible after clipping

application (Figure 6.10).
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Figure 6.10: Synthetic shot gather 60 after 20 times increased amplitude as compared to the original data.
For the field data, many traces were either dead or very noisy, so, | did mute them first

and then interpolated them using the common offset gather interpolation method.
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6.5 PARAMETERS DETERMINATION FOR SYNTHETIC AND

FIELD DATA

Different parameters need to be estimated before applying the DBSCAN method for the
picking. These parameters include peak frequency, time-period, epsilon, the minimum
number of points estimations, sample and trace window size, layers’ velocity, velocity

range, and velocity step determination for linear moveout image.

6.5.1 PARAMETERS DETERMINATION FOR SYNTHETIC DATA

For the synthetic data, | know the source peak frequency (30 Hz), and refraction layers’
velocity (1500 m/sec). From peak frequency, | calculated the time-period (~33 msec).
The sample window should be ~1-3 periods whereas the trace window value must be
smaller (5-10 traces) irrespective of the noise in the data. The sample window should be
at least 1 period so that it has one crust and one trough in the window so that a good
cluster can be formed. A bigger sample and trace window gives bad picking as more
noise and noisy traces will be present in the window which could lead to a bad initial
guess or final picking. For epsilon and minPts, by hit and trial method, | found that
epsilon and minPts should be 4 and 35 respectively for a velocity step of 10 m/sec.
Generally, a smaller velocity step is good to choose. Nevertheless, if we increase the
velocity step value, we need to keep in mind that the number of points in the LMO image
will decrease and their pairwise distance will increase. So, we will have to adjust epsilon
and minPts values again. As a general guideline, for noisy data, the epsilon value should
be small with many minPts and vice versa for low-noise data. As we know, for the

synthetic data, our first break arrivals are generated from the top of the second layer and
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its velocity is 1500 m/sec, we should select our velocity range as 1500+500 m/sec and

1500-500 m/sec to apply for LMO image (Table 1).

6.5.2 PARAMETERS DETERMINATION FOR FIELD DATA

For the field data, by using Fourier transform, the average peak frequency came out to
~30 Hz. I calculated the time-period as ~33 msec. From different shot gathers, | observed
that there are two layers from where the first breaks are generated. As an example, shot
no. 25 is shown in Figure 6.11. Two black colors single-headed arrows show two
different refractions’ slopes. Therefore, I estimated the velocities of both refraction
layers using the slope of the first break. Taking the average from different shots, | found
that the average first layer velocity is ~1000 m/sec and for the second layer is ~4200
m/sec. Hence, | applied two different velocities for each layer’s first arrival traveltime
picking with a difference of 500 m/sec from the estimated value of each layer to build the

LMO image (Table 1).

Again, for epsilon and minPts, using the hit-and-trial method, | found that epsilon and
minPts should be 4 and 35 respectively for a velocity step of 10 m/sec, and generally, a

smaller velocity step should be chosen.
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Figure 6.11: Two black arrows show two different slopes of the refraction layers.

Table 1: Parameters selected for different datasets. These are the same for the initial/final first break.

Parameters
oua | eastn [ s | e e | e
Synthetic shot 60 with 4 10 10 90 1000-2000, 10 0.0
no random noise
All synthetic shots 4 40 10 90 1000-2000, 10 0.4
with random noise
All Ithra shots 4 35 10 40 - 0.57
Layer 1 refraction - - - - 550-1500, 10 -
Layer 2 refraction - - - - 3700-4700, 10 -
Yilmaz shots 6 and 25 4 35 5 50 2800-3800, 10 0.5

6.6 BANDPASSFILTER

Before applying super-virtual refraction interferometry to the field data, we should apply a
bandpass filter to remove the low and high-frequency noises from the field data. After
analyzing the field data in the frequency domain, the dominant frequency range was around

25-30 Hz. Therefore, the designed parameters for lower cut, lower pass, and high pass, high
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cut are 25, 35, 80, and 100 Hz, respectively. A sample shot gather is shown before and after

applying the bandpass filter in Figure 6.12a and 6.12b, respectively. We observe that low and

high-frequency noises are successfully attenuated to much extent, particularly from the far-

offset traces, from the data as shown in Figure 6.12b.
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Figure 6.12: Shot gather 25 (a) before band pass filter (b) after bandpass filter.
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CHAPTER 7

RESULTS AND DISCUSSION

7.1 RESULTS

The results are discussed into three categories: synthetic, Ithra, and Yilmaz field datasets.
| applied the proposed technique to the synthetic data before and after adding random
noise, while the field datasets have noise already. The synthetic and field results are
shown with only DBSCAN and with DSBCAN + SVI + DBSCAN methodology except
for the Yilmaz data where the SNR of the data is very high and only DBSCAN-alone
picked the first break traveltimes accurately. Synthetic and field data results are not only
compared with the manual pickings but also against the cross-correlation method
developed by(Senkaya and Karsli, 2014). To benchmark the results further, Yilmaz’s shot
gathers 6 and 25 have been used to compare our results with other methods available in

the literature for first break pickings.

7.1.1 SYNTHETIC RESULTS WITH NO NOISE

In the noise-free data, very low amplitudes should be muted. Make sure that the muting
value is less than the first non-zero value of the first arrivals to get the best results. The
manual picking defined as the first non-zero value of the amplitude is shown by magenta
cross markers, and the DBSCAN picking is shown by blue circles for the noise-free data
in Figure 7.1. As we can see in Figure 7.1, very accurate matching of manual with
DBSCAN picking by muting the amplitude values less than 0.0010.
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Figure 7.1: DBSCAN pickings (blue circles) compared with manual (magenta cross marker) for synthetic shot
gather 60 without noise. Black arrows show mismatched locations of DBSCAN picking with manual picking.

The range of acceptable error for this synthetic data is T/4 = £8.33 msec, where T is the
dominant time-period of the source wavelet (source peak frequency is 30 Hz). The
parameters selected for the noise-free data are given in table 1. For noise-free data, a
small epsilon value with a small number of minimum points works well, while for noisy

data, a small epsilon value with a large value of minimum points suits better clustering.

All the automatic pickings are matching well with the manual traveltime picks except a
few values are away from the manual pickings. There are three possible reasons for this
deviation. The first and second causes are due to the slope of the first break. The
algorithm works fine when the slope of the first break is decreasing i.e., each first break
traveltime is more in time than the previous one. A sudden slope change can occur due to
static errors in addition to the subsurface geology. If the slope of the events is not
following the decreasing trend and, in the first case, if there are different slopes present in
the window (Figure 7.2a), the stacked energy becomes more dispersed/uneven (Figure
7.2b). A good picking is made by the algorithm when the peaks and troughs become

parallel to each other resulting in maximum stacked energy for an optimum velocity

50



value. Otherwise, for each velocity step, no value would result in maximum stacked
energy due to the uneven slope of the traces and most stacked energy will be scattered

and this leads to a picking value deviated from the actual traveltime (Figures 7.2d).
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Figure 7.2: a) Non-linear slope trend in the window, b) Stacked LMO image shows scattered energy c) Stacked

LMO image after applying the threshold, d) In the end, it gives deviated first break picking value.
In the second case, there is a single slope of the events, but its increasing (Figure 7.3a,
black arrow). In this scenario, no data came yet from the first trace (Figure 7.3a), but the
cluster has formed (Figure 7.3d) due to the other trace’s data in the window. The picked
centroid of the cluster is a good pick for the last trace in the window but not for the first
trace. However, the algorithm is not sensitive to the slope of the events, and it gives the
picked value to the first trace in the window which goes wrong in this scenario. This
problem of increasing slope may be fixed if we identify the sloping trend in a window as

either increasing or decreasing and assign the picking value accordingly.
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Figure 7.3: a) Increasing linear slope trend in the window, b) Stacked LMO image c) Stacked LMO image after
applying the threshold, d) In the end, it gives the wrong first break picking value.

The third reason for the first arrival travetime picking deviation from the accurate value
could be explained due to the diminishing trace window, where the remaining traces
become less than the length of the selected trace window, and the amplitude values in the
stacked gather decrease which causes the decrease in picking accuracy. This error could
be removed by flipping the trace window for these traces so that the stacked gather has
enough amplitude values to make a correct picking. Or, the last traveltimes picking

values can be extrapolated using the previously picked first breaks.

The deviated pickings (Figure 7.1) at the 35-36 and 69 traces are due to the first two
reasons explained above, and the deviation of DBSCAN pickings from the manual
picking in the end traces of the shot gather 60 is due to all three explanations mentioned
above. These deviations will continue to come in synthetic and field results described

below depending upon the SNR.
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7.1.2 SYNTHETIC RESULTS WITH HIGH-LEVEL RANDOM NOISE

AND NO RESTRICTED SCANNING WINDOW

As stated earlier, DBSCAN suffers when it deals with noisy data. | tested the code by
adding random noise equal to 10, 20, 30,40, and 50% of the maximum amplitude of each
trace. The added noises are gradually increased from 0% of the maximum amplitude at
the zero-offset location to 50% of the maximum amplitude at the maximum source-

receiver offset. The result is shown in Figure 7.4 only for 50% noise added to the data.

DBSCAN has made a lot of errors in the pickings as shown in Figure 7.4 (blue points).
The first reason to struggle in many instances is the low SNR. This is because the first
arrivals are masked by the noise present in the data and the algorithm picking parameters
(e.g., epsilon and minPts) can get satisfied to accept a cluster as the picking. The second
reason for the wrong picking by the DBSCAN is that it is scanning the whole data for the
first break picking from the first sample to the last. However, as we know, the first break
generally follows an increasing trend in time, so, there is no need to scan the noisy part to

find the first break in a dataset. Therefore, to improve the results, I proposed two ideas.

a) Restricting the scanning window for picking

b) Extrapolating the missing picks
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Figure 7.4: DBSCAN picking without restricted scanning window and extrapolation with 50% random noise.

So far, the code is scanning the data starting from the first to the last sample in the data
by following a specific size of the sample and trace window and terminates its operation
when it finds a cluster/picking. After determining the first beak value for a trace, it shifts
the trace window by one trace and follows the predefined sample and trace window size
to find the picking for the next trace and so on. In this way, DBSCAN picks many outlier
values when scanning from the top to the bottom whenever the clustering parameters are
satisfied. As we know, the first break has a time offset attribute and is present at specific
time samples for each trace and usually follows an increase in time trend for the
subsequent traces than earlier. So, the first idea is to restrict the scanning window to find
the picking. This not only removed the outliers but also reduced the overall time for the
algorithm to pick the traveltime of the first arrivals (Figure 7.5). However, this will not
solve the problem when DBSCAN misses any value in the restricted scanning window.
So, to cope with this issue, | proposed the second idea to extrapolate for the missed picks

using the probable slope of the first break.
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Figure 7.5: DBSCAN picking with restricted scanning window and extrapolation with 50% random noise for
synthetic shot gather 1.

Using the restricted scanning window and extrapolation for missed pickings, usually,
DBSCAN picks in the area of direct and near-offset arrivals accurately to a great extent
than in the far-offset. This is because the SNR is high for direct and near-offset arrivals.
For the initial guess of the synthetic data with 50% random noise (Figure 7.5), | restricted
the scanning window to 90 samples up and 60 samples down for the next pick. For
example, let’s assume that my last picking is at 500 msec, then the next scanning window
for the picking will start from 410 msec and ends up at 560 msec. When DBSCAN
misses a value, it extrapolates its value by using a predefined number of samples. The
number of samples to add to the last value for the extrapolation is defined by observing
the slope of the first break. In this way, | could improve the results for DBSCAN in terms
of eliminating the outlier values and reducing the time to pick the first arrivals by the

code as you can see in Figure 7.5.

Consequently, by using this initial guess, | can define the most probable area where the
actual picking is located around the DBSCAN picking. After that, | applied super-virtual

refraction interferometry to enhance the SNR of the first breaks.
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7.1.3 SYNTHETIC RESULTS WITH HIGH-LEVEL RANDOM NOISE

AND RESTRICTED SCANNING WINDOW

7.14 SYNTHETIC RESULTS

| tested the code for shot gathers 29 and 69. The added noises are gradually increased
from 0% of the maximum amplitude at the zero-offset location to 50% of the maximum
amplitude at the maximum source-receiver offset. Hence, the first breaks at the far offset

traces are not visible nor pickable (Fig. 7.6a and 7.6f).

To apply the DBSCAN method, | used the &, minPts, etc. values listed in Table 1. The
DBSCAN is applied to generate an initial picking guess (Figure 7.6a and 7.6f, blue lines).
In the presence of random noise, although the initial guess pickings are far away from the
true manual picking (Fig. 7.6a and 7.6f, magenta lines), this information is still very

useful.

For a successful application of SVI, a muting window around the probable first break
area is necessary to avoid artifacts in the output. However, accurate muting window
determination is a challenging task in low SNR and often inhibits manual input. To
automate this process, | used the DBCAN initial guess to define the muting window for
the SVI (Fig. 7.6b and 7.6g). The muting window size is around four periods (120
samples) up and four periods down from the initial guess. The initial guess has been

smoothed using the moving average method to eliminate any outliers.

Then, SVI is applied to the muted data to generate the super-virtual traces with improved

SNR of the first breaks (Fig. 7.6¢c and 7.6h). We can note that the first arrivals SNR has
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been improved a lot at the far offsets, particularly, where it was very low before. Finally,
| applied the DBSCAN again on the SVI output to pick the first arrivals accurately (Fig.
7.6d and 7.6i, blue line) and compared it with the manual (Figure 7.6d and 7.6i, magenta
line). We can observe that the final automatic picking determined by the DBSCAN after
applying SVI for both shots matched very well with the manual picking. The final picks
are smoothed, and a constant shift of the samples up is applied after the SVI to reduce the

error from the manual picking and compensate for the SVI delays.

In Fig. 7.6e and 7.6j, the red and blue lines show the difference between manual and
DBSCAN picking before and after applying SVI, respectively. A constant shift up to the
smoothed initial guess has been applied to reduce the error from the manual. The green
dashed lines are the threshold values for the acceptable error of +£8.33 msec (peak
frequency = 30 Hz, hence, peak period/4 = 8.33 msec). The automatic first arrival’s
traveltime picking by DBSCAN before using SVI for shots 29 and 69 were almost 76%
and 73% within the threshold, respectively. Whereas, after applying SVI, it improved

drastically and all the DBSCAN picking falls within the allowable error.

The cross-correlation method has been applied to both shots to pick the first break
traveltimes. After smoothing and applying a constant shift up to the first break
traveltimes picked by the cross-correlation method to minimize the error from the
manual, the results show that 99% and 100% of the pickings for shots 29 and 69,

respectively, are within the threshold compared with the manual.

57



a
T i 0 i
i ;| )i i i
il il
3 i !' i | 302 '
8" ![l | g
= -umllllllmlllllnm.,,"“' HM ’ !E s umuuuu“un
= il * i =
: UHYL"'"'"«' .
(x
[W Hlli!}h i
60 100 120
Geophone No. Geophone No.
(b) (9]
0 A 0 A
302 s g0.
< <
g g
0.6 . | 0.6 |
0 20 40 60 80 100 120 0 20 40 60 80 100 120
Geophone No. Geophone No.
(c) (h)
0 A 0 A
202 302 ;
\% i \% i HAII‘YW,,“W“UH (g "»(;#t“””
I || T
=04 f0ggec g ITTRRNN .= 0.4
= ™ %ww =
0.6 i i 0.6 i
0 20 40 60 80 100 120 0 20 40 60 80 100 120
Geophone No. Geophone No.
(d) (@
0 X 0
g g
~-l_-0.4 o
0.6 | i 0.6 i
0 20 40 60 80 100 120 0 20 40 60 80 100 120
Geophone No. Geophone No.
20 A © 40 (0)) A
5 —Before SVI 5 —Before SVI
?AE) 10 —After SVI ?AE) 20 —After SVI
T o 3 : M
=] =]
£-10 & -20
a a
220 -40
20 40 60 80 100 120 20 40 60 80 100 120
Geophone No. Geophone No.

Figure 7.6: a) and f) show shot gather 29 and 69 with added random noises, magenta and blue lines showing
manual and DBSCAN initial guess, respectively, b) and g) show the muting around the expected location of the
first arrivals using initial guess from DBSCAN, c) and h) showing the enhanced SNR after SVI, d) and i) show
the manual picking (magenta line) match with the DBSCAN picking after SVI (blue line), €) and j) presenting
the difference between manual and DBSCAN first arrivals traveltime pickings before applying SVI (red line)
and after applying SVI (blue line), respectively. The dashed green lines display the threshold values. The red

arrow shows the shot location.
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Following the same methodology, in Figure 7.7, the histogram shows the differences
between manually picked first break traveltimes and DBSCAN’s picking after applying
SVI for all 121 shot gathers. It can be observed that most of the differences lie within the
allowable error (green dashed lines) of +8.33 msec which is the T/4, where T is the
source wavelet dominant time-period and for synthetic data, T=~33 msec. In detail, for
121 shot gathers, there were 14641 traces by having 121 traces in each of 121 shot
gathers. A constant shift up is applied to all the trace’s traveltimes. This shift, for each
shot, has been determined automatically by calculating the mean difference between
manual and final DBSCAN’s first breaks traveltimes pickings after applying SVI. After
excluding the direct arrival’s pickings, 11513 trace’s first breaks were available for
comparison. The automatic DBSCAN’s first break traveltimes picking accuracy came to
approximately 98.4% by picking 11324 traces out of 11513 trace’s traveltimes within the

threshold.
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Figure 7.7: Histograms comparing traveltime differences between manual and final DBSCAN’s automatic first

break’s picking after SVI for all shot gathers. Green dashed lines show the threshold values of +8.33 msec.
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7.2 |ITHRA FIELD DATA RESULTS

| applied the same methodology to the Ithra field data. As examples, the shot gathers 25
and 100 are shown in Figures 7.8a and 7.8g with the manual pickings (magenta line). The
manual picking is done on the raw data. The noise level in the data is severe in many of
the shots as observed. DBSCAN is applied to get an initial guess (Figure 7.8a and 7.8,
blue line) of the data using the parameters given in Table 1. The initial guess has been
smoothed using the moving average method to eliminate any outliers. Due to a high level
of noise in the data, the DBSCAN was able to give a good guess till trace 73 and 58 for
shots 25 and 100, respectively (Figure 7.8b, and 7.8h). To define the window for all
traces for the SVI application, the guess was extrapolated (from 73-120, and 58-01) in all
the shots by following the slope of the expected first breaks. Then, a band pass filter (low
cut=25 Hz, low pass=35 Hz, high pass=80 Hz, high cut=100 Hz) has been employed to
suppress the low and high-frequency noises. Then, using the initial guess, the muting
window is defined as ~1.5 periods up and down the initial guess shown in Figures 7.8c
and 7.8i. The results after applying SVI are shown in Figures 7.8d and 7.8j, re-picked by
DBSCAN (Figures 7.8e and 7.8k) and compared with the manuals shown in Figures 7.8f
and 7.8l. Again, the picks are smoothed, and a constant shift of the samples up is applied.
Figures 7.8f and 7.8l show a very accurate match of the DBSCAN pickings (blue lines)

with the manuals (magenta lines).

Further, for shot 25, after SVI, the algorithm picking accuracy was enhanced by 23 traces
(Figure 7.8f, shown by black arrow) which is ~54% increase in the traveltime picking as

compared to the manual ones, whereas, for shot 100, this enhancement reached to 62%
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by picking 27 traces more than the manuals (Figure 7.8l, shown by black arrow). For

each shot, manual picking was possible for ~42 traces only.

Although DBSCAN could not pick all the traces traveltime accurately for both shots even
after SVI due to the severe presence of random noises in the far offsets, we can observe a

good SNR enhancement after SVI for the far offset traces of shot 100 (Figure 7.8l).

In Figures 7.9a and 7.9b, the red and blue lines show the difference between manual and
DBSCAN picking before and after applying SVI, respectively. The green dashed lines are
the threshold values for the acceptable error of +8.33 msec. A constant shift up to the
smoothed initial guess has been applied to reduce the error from the manual and
compensate for the SVI delays. Results show that for both shots gathers, before and after
SVI, all DBSCAN first break traveltime pickings are within the threshold (Figure 7.9a

and 7.9b) due to the good SNR near the shot location.

Again, the cross-correlation method (Senkaya and Karsli, 2014) has been tested on both
shots. After smoothing, a constant shift up is applied to minimize the error from the
manual. The comparison of the first break picking with the manual ones shows ~100%
match for both shots. In addition, the algorithm picked ~60% and ~58% traces first break
traveltime accurately more than the manuals for shots 25 and 100, respectively.
Nevertheless, it is worth mentioning that, although, the cross-correlation method results
are in comparison with our methodology, however, the cross-correlation technique takes
a lot of time as being a semi-automatic approach whereas our technique takes just 4-5

hours to automatically pick the first breaks of low SNR data.
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Figure 7.8: a) and g) show Ithra field data shot gathers 25 and 100 with manual pickings (magenta line),

respectively, b) and h) showing the DBSCAN initial guess (blue line), c) and i) show the muting around the



expected location of the first arrivals using the initial guess, d) and j) showing the enhanced SNR after SVI, e)
and k) show the re-DBSCAN pickings after SVI (blue line), f) and 1) representing the matching of manual
picking (magenta line) with DBSCAN after SVI (blue line). The black arrow shows enhanced picking than the
manual. The red arrow shows the shot location.
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Figure 7.9: a) and b) show the differences between manual and DBSCAN first arrivals traveltime pickings for
Ithra shot gather 25 and 100 before applying SVI (red line) and after applying SVI (blue line), respectively.

In Figure 7.10, the histogram shows the differences between manually picked first break
traveltimes and DBSCAN’s picking after applying SVI for all 120 shot gathers. It shows
that most of the differences between raw Ithra data manual pickings and DBSCAN’s
automatic first arrival’s traveltimes pickings after applying SVI lie within the allowable
error (green dashed lines) of £8.33 msec. The allowable error, again, is calculated using
the source wavelet dominant time-period T. In detail, for 120 shot gathers, there were
14400 traces by having 120 traces in each of 120 shot gathers. A constant shift up/down
is applied to all the trace’s traveltimes. This shift, for each shot, has been determined
automatically again by calculating the mean difference between manual and final
DBSCAN’s first breaks traveltimes pickings after applying SVI. After excluding the
direct and manually unpickable arrival pickings, 5925 trace’s first breaks were available
for comparison. The automatic DBSCAN’s first break traveltimes picking accuracy came

to approximately 86.4% by picking 4516 traces out of 5925 trace’s traveltimes within the

threshold.
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Figure 7.10: Histograms comparing traveltime differences between manual and final DBSCAN’s automatic first
break’s picking after SVI for all shot gathers. Green dashed lines show the threshold values of +8.33 msec.

7.3 YILMAZ FIELD DATA RESULTS

To benchmark the results of our method with the others, | used Yilmaz’s shot gathers 6
and 25. For the SVI application, we need many shots of data to enhance the SNR,
therefore, | could not apply SVI on these shots, however, as we can observe in Figures
6.7 and 6.8, the shots have good SNR, so, | tested only the DSBCAN to pick the first
break without applying SVI for the cause of comparing the results with other established
methods. To initiate the DBSCAN, the parameters selected are listed in Table 1, and the
results are shown in Figures 7.11a and 7.11b after smoothing the initial guess and making

a constant shift up/down to decrease the error between manual and DBSCAN pickings.
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Figure 7.11: Matching of initial guess DBSCAN picking (blue line) with Manual (magenta line), (a) for shot

gather 6, and (b) for 25. For shot gather 25, the last 4 traces are muted as they were just noises.

We can note that even the DBSCAN initial guess alone matched very well in both the
shots with the manual picking (Figures 7.11a and 7.11b), for shots 6 and 25, respectively,
~91% and 99% first break traveltime pickings determined by DBSCAN lie within a

threshold of £20 msec compared with the manuals (Figures 12a and 12b).
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Figure 7.12: a) and b) showing the differences between manual and initial guess of DBSCAN first arrivals

traveltime pickings for shot gather 25 and 100, respectively.

Many researchers tested these two open-source shots to show the accuracy of first break
pickings for their methods e.g., z-p transform method (Mousa and Al-Shuhail, 2012) used
the Yilmaz shot record 6 while a mix of cross-correlation technique based on the
Coppens method (mixed Coppens’ method) (Mousa et al., 2011), digital image
segmentation using projection onto convex sets (POCS) (Mousa et al.,, 2011) and

pickings based on the maximum difference between adjacent points of the envelope
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(MDPE) (Al-Mashhor et al., 2019) used shot gather 6 and 25. These all methods
compared their results with the manual pickings. For the t-p method using shot record 6,
the picking accuracy was around 88%. For shot gather 6 and 25, using the mixed
Coppens’ method, the accuracy came to approximately 46% and 71%, whereas POCS
improved these results to 58% and 77%, respectively. The MDPE method further
enhanced the results to more than 85% for both shots. All these method’s pickings were
accepted within a £20 msec tolerance of the error from the manual ones except the
MDPE where the tolerance was +0.1 sec of the manual. However, the performance of
our methodology, even without applying the SVI, is better and shows almost 91% and

99% picking accuracy within £20 msec of the manuals for shots 6 and 25, respectively.

7.4 DISCUSSION

The unsupervised machine learning technigue DBSCAN alone gives good results in the
case of noise-free data however suffered in the noise presence. In this research, DBSCAN
along with super-virtual refraction interferometry has been employed to automatically
pick the first break of the seismic data. The SVI has been used to deal with the low SNR

data.

The proposed methodology works with the raw data and requires no type of
preprocessing except a basic step e.g., a bandpass filter to suppress the random noises. As
we know, many methods have room for improvement when the SNR of the data is low.

By using the SVI, the method can be used to pick the first break traveltimes of low SNR
66



data. To apply a successful SVI, a muting window around the probable first break area is
essential, however, this window defining can be very difficult and often inhibit manual
input. The results from the synthetic and field data show that in the presence of high-level
random noise, using the restricted window approach to search for the picking and
extrapolating the missing picks, the DBSCAN gives us an initial guess of the picking.
This initial guess guides the muting window for the SVI application to enhance the SNR
of the far offsets. So, by using DBSCAN initial guess, | automated the muting window
operation for the SVI process. A small muting window results in better enhancing the
SNR of the data. In addition, the muting window should be defined as all first arrivals
except those coming from the bottom of the same layer that reach within two to three
periods of the estimated first breaks time are muted. If for any reason, the refractions
from different subsurface layers are not identifiable, the application of SVI will not result

in good SNR improvement.

After SVI, due to violating the assumptions of the reciprocity equations, artifacts (side
lobes) are generated in the super-virtual refractions. To get rid of these side lobes or
ringyness, muting the small amplitudes worked well for the final DBSCAN first break

picking.

In the presence of a very high level of random noise, the DBSCAN may not be able to
give a good initial guess for all the traces in a shot gather. In that case, keeping the good

guess picking values and extrapolating the remaining bad values by using the slope of the
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first break is a good approach to define an appropriate muting window for the SVI

application.

The method is easy to apply as there are only a few parameters that need to be
determined to start the methodology and are given in Table I. Epsilon and minPts for the
DSBCAN clustering are determined using the hit and trial method. The test shows that
the trace window range should be always 5-10 irrespective of the random noise level in
the data, whereas the sample window should be two-three periods. The velocity range for
the LMO image should be £500 m/sec from the velocity of the refraction layer. The
refraction’s layer velocity is determined from the first break slope which is
straightforward. A small velocity step is suggested for the stacking in the LMO image. A
threshold value of 0.5 usually works better and helps a lot in the clustering procedure by

muting the low amplitude values of the LMO image.

From the synthetic data, two shots’ automatic traveltime picking of the first break has
been picked and compared with the manual picking. The comparison shows that the
automatic first arrival’s traveltime picking by DBSCAN after using SVI for shots 29 and
69 increased by 24% and 27%. Further, the cross-correlation method has been applied to
both shots to pick the first break traveltimes and it confirms the same results as compared
with re-DBSCAN picking, however, cross-correlation is a semi-automatic approach
versus our automatic methodology. Further, for all synthetic shot gathers after applying
SVI, the histogram confirms 98.4% of the DBSCAN’s final first break’s traveltime

pickings within the threshold values compared with the manual pickings.

68



For the Ithra field data, two shots containing a high level of low and high-frequency noise
results are shown. These two shots’ first break traveltimes were picked using manual and
cross-correlation methods. For the Ithra field data, the SVI enhanced the SNR of the data
as we observed. For shot 25, re-DBSCAN could pick 65 traces’ first break traveltimes in
total out of 106 first arrivals whereas the remaining far offset traces are very challenging
to pick the first arrivals for any method as the SNR is too low to differentiate the first
break even by the human eye (Figure 7.8f). For shot gather 100, re-DBSCAN could pick
69 traces first break traveltimes out of 106, however, although re-DBSCNA could not
pick the remaining traces due to severe random noises, yet the first break can be observed
for the traces after SVI which shows the robustness of the SVI application. Moreover,
with the enhanced picking after SVI, the traveltime tomogram would have more depth of
penetration in the subsurface which is an important addition. For all Ithra field data shots
gathers after applying SVI, the histogram confirms 86.4% of the DBSCAN’s final first
break’s traveltime pickings within the threshold values compared with the raw manual

pickings.

Further, the results of the methodology can be improved if we use other noise

suppression techniques along with a bandpass filter.

A big advantage of DBSCAN is that it is an unsupervised machine-learning technique.
While the supervised machine learning methods greatly depend on the input training

dataset, the unsupervised machine learning methods (e.g., clustering) are much more
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flexible and require no training input. Nevertheless, unsupervised machine learning

algorithms always require quality control to ensure the best results.

So far, the methodology worked well in the presence of random noises but is not
applicable in the presence of coherent noises. Lastly, the methodology works accurately
in the case of zero or minimum phase wavelet but needs to be tested on the mixed phase

wavelet.
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CHAPTER 8

FUTURE PROSPECTS AND CONCLUSION

DBSCAN is an unsupervised machine learning approach that does not require any
labeled data, whereas supervised machine learning algorithms require labeled data as a
primary input, thus making the DBSCAN much more flexible in its use. DBSACN along
with the SVI approach has been tested with zero-phase and minimum-phase wavelets. It

would be a good research direction to test this practice with mixed-phase wavelets.

Unsupervised machine learning techniques can be used to create the training dataset for
the supervised machine learning approaches (Hofmann, 2001). So, there is the possibility
to use DBSCAN along with SVI to pick the first break and provide that picked data as
input for the supervised machine learning techniques. This would reduce the time to do
the manual picking to make the labeled data for the supervised methods to pick the first
break. Our methodology can also be used along with the supervised methods to improve

the results further.

In this research, | focused on using DBSCAN for first arrival traveltime picking in the
presence of random noise. Synthetic and Ithra field examples show that DBSCAN alone
does not work accurately in case of random noises and low SNR data. However, the low-
quality DBSCAN picking, using the restricted window and extrapolation for missed
picks, can be used as an initial guess to find the expected location of the first breaks. This
initial guess can be used to mute around the expected location of the first breaks which is

a critical input for SVI. After applying SVI, the DBSCAN method is applied again to
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accurately pick the first breaks, which is improved drastically. The results of both
synthetic and Ithra field data have been compared with the manual and cross-correlation
picking methods. For the synthetic data compared with the manual, the methodology
confirms an accurate automatic first break picking of 100% first break traveltimes for
shots 29 and 69, whereas 98.4% for all 121 shot gathers. For the Ithra field data
compared with the manual, two shots with high random noises have been picked using
the proposed approach. Results show that the automatic first break not only matches with
the manual picking but also the reliable picking increased by 54% and 62% for shots 25
and 100, respectively. The comparison with the cross-correlation method picking
confirms almost comparable results. Whereas, for all 120 shot gathers, the final
DBSCAN’s first break’s traveltime pickings compared against raw manual pickings gives
almost 86.4% accuracy. Further, the results of first break picking using only DBSCAN
for Yilmaz shot gather 6 and 25 have been compared with the manual, mixed Coppens’,
7-p, POCS, and MDPE methods. The comparison shows that our methodology can pick
the first break far better than these methods even without applying the SVI. The success
of this methodology is very promising as | am using an unsupervised machine learning

technique that doesn’t require any labeling of data.
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