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ABSTRACT

Nowadays one of the biggest challenges for geoscientists is effectively extracting the
useful information from massive geo-datasets. Deep learning algorithms have become incredibly
good at analyzing and identifying pieces of objects from massive data. The application of deep
learning in seismic exploration has become one of the hottest research topics in recently two-
years. My dissertation focuses on developing new workflows for seismic data processing and

interpretation with the aid of deep learning algorithms.

Picking the first arrival of seismic data is one of the most time-consuming task in seismic
data processing. The first arrival segments the seismic traces into two parts. Each part of the
seismic traces can be viewed as a unique object. | automatically identify the two objects of the
seismic trace by using a state-of-art pixel-wise convolutional image segmentation method. The
boundary of the two objects is regarded as the first arrivals of seismic data. Noise filtering is
another important step in seismic data processing. | proposed to filter the noise in seismic data by
integrating deep learning and variational mode decomposition. My new method does not require
prior information about the noise which is one of the compulsory inputs for image de-noising
using deep learning. My method not only effectively removes the random noise in the seismic
image but also the coherence noise such as migration artifacts which is beyond the capability of

current filtering methods.

The process of seismic horizon interpretation can be treated as dividing the seismic traces

into several segments. | proposed a workflow to perform semi-automated horizon interpretation



method by using the encoder-decoder convolutional neural network. There are two main parts of
my workflow. The first part is segmenting the seismic traces into different parts using deep
learning and treat the boundary of two nearby parts as the horizon. The second part is refining
the horizons using a two-step filtering. My method does not require seismic attributes such as the
dip and azimuth of a seismic reflector as the inputs which are compulsory for current horizon

picking algorithms.



DEDICATION

This dissertation is dedicated to everyone who helped me and guided me through the
trials and tribulations of creating this manuscript. In particular, my family and close friends who

stood by me throughout the time taken to complete this degree program.



ACKNOWLEDGMENTS

Pursuing this Ph.D. degree program is a life-changing experience for me. This
dissertation is impossible to be finished without the support of my family, my friends and all the

people worked with me through the past three years.

First, | want to thank my advisor Dr. Bo Zhang who give me a chance to be his Ph.D.
student. He taught me how to do research and write a scientific paper. He taught me how to make
a clear research presentations. The most important thing that | have learned from him is how to

think as an independent researcher, which will be a benefit for my future career.

I would also like to show my greatest gratitude to, Dr. Natasha T. Dimova, Dr. Yong
Zhang, Dr. Zhe Jiang, Dr. Alain Plattner and Dr. Delores M. Robinson, who serve on my Ph.D.
committee. [ want to thank Dr. Dimova’s encouragement and help to write a proposal to GSA. [
want to thank Dr. Zhang’s research guidance and scientific writing suggestions. | want to thank
Dr. Jiang, his encouragement give more confidence to explore the connection between
geoscience and computer science. | greatly appreciate the support received from Dr. Robinson.
She helped me go through the scientific writing issues of this dissertation. I also greatly
appreciate the research guidance from Dr. Fangyu Li and Dr. Tao Zhao, they provide much

support when | begin to learn the deep learning techniques.

| appreciate the time and support from fellow students and friends including Naihao Liu,
Yihuai Lou, Rongchang Liu, Nanke Wu, Wenhua Wang, Yan Ye, Man Lu and Shuo Chen. They
provided essentially help during these three years.

\Y



Finally, I extended my deepest thanks to my parents for everything that they have done
for me. It is impossible to finish my Ph.D. degree program without their love, courage and

devotion.

Vi



CONTENTS

ABSTRACT ..ottt i
DEDICATION ..ottt bbbttt \Y%
ACKNOWLEDGMENTS. ...ttt %
LIST OF FIGURES ...ttt bbbttt X
CHAPTER 1: INTRODUCTION ..ottt 1

REFERENGCES ... oottt b et 6

CHAPTER 2: SEMI-AUTOMATIC FIRST ARRIVAL PICKING OF MICRO-SEISMIC
EVENTS BY USING PIXEL-WISE CONVOLUTIONAL IMAGE SEGMENTATION

IMETHOD ...ttt ettt ettt se et et e b e s et e s e b e s esesbesesbesesteseebensetenseransns 10
ABSTRACT ..ttt bttt et b et bt e b e bt e nne e e e e are e 10
INTRODUGCTION . ...ttt ettt st e b et e e be e s nbe e sbteabeesbeeenneen 11
THEORY ettt ettt h e s bt e ket e s bt e she e e n b e e b e e e nt e e nReeenbeenreeenne e 13

SBONBL ..t E e r e 13
First arrival picking USING SEONEL .........cciiiiiee et ra e 14
WWOTKFIOW ...t 15
SYNTHETIC AND FIELD DATA TEST ..o 20
Prepare input data fOr SEGNEL.........coiiiiie e 20
Build deep encoder-decoder neural NEIWOIK ............ccoiiiiiieieieiescs e 24

vii



Predict the first arrival of micro-seismic events for noise-free synthetic...........ccccccoeveennee 25

Predict the first arrival of micro-seismic events for noisy synthetics...........c.cccocvevenieiinnne 26
Predict the first arrival of micro-seismic events for various SNR synthetics................c....... 28
Predict the first arrival of micro-seismic events for field data..............ccccoovrereiiiiniinne. 32
DISCUSSION .ttt b e e nneeanreenneas 36
CONCLUSIONS ...ttt ekttt s b bttt e shb e et e e e be e e bt e saeeebeesbeeanbeennneenes 37
REFERENGCES ... ..ottt ettt ettt et b et e b e sbe e nbeeanbeenteas 38

CHAPTER 3: WHITE NOISE ATTENUATION OF SEISMIC DATA BY INTEGRATING
VARIATIONAL MODE DECOMPOSITION AND CONVOLUTIONAL NEURAL

NETWORK ...ttt ettt ettt e sttt e s et s et b et et et e ne e esetne 40
ABSTRACT bttt b e bt e r e n e nreas 40
INTRODUGCTION . ...ttt e e b et e et nbe e sbe e e beesreeenneen 42
THEORY ettt ettt h e s bt e bt e e a bt e sbe e e s be ekt eenbe e nbeeanbeenreeenee e 44

ODBJECHIVE TUNCLION ...t r et e e ene e e 44
ATCRITECTUIE ...t ettt e bbbt 46
SYNTHETIC EXAMPLE ...t 51
FIELD DATA EXAMPLE. ... et 57
CONCLUSIONS ... .ottt s bt e et e e she e e e e e be e e nbeesreeebeesbeeenbeenneeenes 64
REFERENGCES ... ..ottt ettt et e e b et e e st e et e e sneeanbeenreas 65

CHAPTER 4: SEMI-AUTOMATED SEISMIC HORIZON INTERPRETATION USING
ENCODER-DECODER CONVOLUTIONAL NEURAL NETWORK ......ccocoviteeirrriccicrernn, 68

ABSTRACT .. 68



INTRODUGCTION ...ttt bbbt 69

CURRENT SEISMIC HORIZON INTERPRETATION TECHNIQUES ... 71
SEISMIC HORIZON INTERPRETATION USING ENCODER-DECODER CNN .............. 74
Training St PrePArAtION .........ccveiuiiie ittt e st e e st et e st e sreeeeenee e 74
CNIN FFAMEWOTK ...ttt 75
LSS fUNCLION AN PAFAMETETS ...ttt sr e 76
APPLICATION . ..ottt ettt b e st b et e e sb e e st e e nbe e et e e sbeeabeenseas 78
DAt HESCIIPTION ...ttt bbbttt nb e bbb ene s 78
TTAINING PIOCESS ..vveveeteetie it et et st e st e et e et e st e e e e e s beesteeseesteesbeestesssesteesseaseesteenteansesreeneeenee e 80
Refining predicted horizons by spatial correlation constraint.............c.cccceevvvveivevecicseennne 83
Experiment result and COMPAIISON ........ccvoiiiiiiiiiieieiee et 85
CONCLUSIONS ...ttt ettt s b e et e e sab e e e e e be e et e e srbeebeesbeeenbeenneeenes 98
REFERENGCES ... ..ottt ettt ettt sbe et e et e e nte e naeeanbeenteas 99
CHAPTER 5: CONCLUSIONS ...ttt 101



LIST OF FIGURES

Figure 2.1. The overall architecture of the proposed deep convolutional end-to-end neural

4010110 TSP P TR PRRO 13
Figure 2.2. MiCro-SeiSMOQIam FECOIT. ........cuiierererieriesie sttt 14
Figure 2.3. The basic workflow to build the train data and train label. ................cccoooeviiiinens 15
Figure 2.4. Example of convolution operation on one-dimensional signal. .............c.ccccoeivenes 16
Figure 2.5. Illustration of batch-normalization regularizer on one dimensional signal. .............. 17
Figure 2.6. lllustration of batch-normalization regularizer on one dimensional signal................ 17
Figure 2.7. Two-layer velocity model for synthetic example. ... 21
Figure 2.8. Manually picked first arrival of the synthetic micro-seismic gather. ........................ 21
Figure 2.9. Training data and training label for synthetic example. ..........cccccooiiiiinniiiinnen 22
Figure 2.10. lllustrating the loss of training processing on noise-free synthetic example........... 22
Figure 2.11. The predicted result on noise-free synthetic data.. ..........ccocovoviieiiiieiiicnieee, 23

Figure 2.12. Comparison between the predicted and ground truth first arrival for three

representative micro-seismic events of noise-free synthetic data test. ...........ccccoeeveviveieiiiciienns 24
Figure 2.13. Noisy synthetic micro-seismic eXample. .........cccooeiiriiiiiieni e 26
Figure 2.14. The predicted result in a noisy synthetic example. ..., 27
Figure 2.15. Comparison between the predicted and ground truth first arrival for three

representative micro-seismic events of noisy synthetic data test............ccccoceevveiii i, 28
Figure 2.16. Noisy synthetic micro-seismic gather from a different model ................c.cooeneen. 29
Figure 2.17. The predicted result on a different noisy synthetic example...........cccccoceiiiinnnnnne 30

Figure 2.18. Comparison between the predicted and ground truth first arrival for three
representative micro-seismic events of a different noisy synthetic ............cccoevvviiiiciic e, 31

X



Figure 2.19. The comparisons between the results by using our proposed method and STA/LTA

on three different noisy sSynthetic eXample. ........ccooviiiiieie e 31
Figure 2.20. Manually interpreted first arrivals (blue dots) of a field data example. .................. 32
Figure 2.21. Training data and training label for field data. ...........cccocoviiiiiiniii 33
Figure 2.22. The results of the field data example. ... 34
Figure 2.23. The difference between the ground truth and predicted result (blue dots).............. 35
Figure 2.24. Comparison between the predicted and ground truth first arrival for three

representative micro-seismic events of real data teSt............ccovveveiieiieiie s 35
Figure 3.1. The overall architecture of MDNCNN. .........cooiiiiiiii e 47
Figure 3.2. One section example of F3-block SeiSmiC SUIVEY. ... 48
Figure 3.3. lllustration of the test on F3-block using MDNCNN. .........ccccoiiiiinineiiiecee 48
Figure 3.4. The workflow of VMD-MDNCNN for seismic noise attenuation................c.ccoeeee. 50
Figure 3.5. lllustration of the test on F3-block using VMD-MDNCNN. ..........ccoooriiiiniiiinnnnn 51
Figure 3.6. The noise-free synthetic data of marmousi model..............ccocoeriininciiiince 52
Figure 3.7. lllustration of the denoised result on synthetic example. ..........ccccooeiiiiniiciinnnne 53
Figure 3.8. Rejected noise through different denoising methods on synthetic example. ............ 54
Figure 3.9. Train loss and valid loss varying with different epoch for synthetic example. ......... 56
Figure 3.10. The frequency spectrum of the original data............cccocceveiiniiinicice 56
Figure 3.11. One representative inline section example of Penobscot. ...........ccccovveiiiiiiiennnne 57
Figure 3.12. Train loss and valid loss varying with different epoch of Penobscot....................... 58
Figure 3.13. The denoised results on the seismic survey of PeNobSCOt............ccoovvereieieniennnen 59
Figure 3.14. Rejected noises through different denoising methods of Penobscot. ..................... 60
Figure 3.15. The original 3D seismic data 0f PENODSCOL. ...........ccccvviriiiiiicicee e 61
Figure 3.16. lllustration of the 3D volume denoised result on Penobscot...........ccccceveiiiviinnnne 62

Xi



Figure 3.17. Rejected noises on 3D volume through different denoising methods on the seismic

SUIVEY OF PENODSCOL... ...veieieiiieie ettt te e e r e te e e e aneenreenneanee e 63
Figure 3.18. The frequency spectrum of the original data............ccccoeviiiniiiiniiiie 64
Figure 4.1. Illustrating the limitation of seeded auto-tracking for seismic horizon interpretation

IN COMPIICALEU ZONES. .....vreeeeiteeieee ettt et e e e s b e te e st e s be e beeseessaesteeeeaneesneeneeas 72
Figure 4.2. One example of a training trace and the corresponding label .............cccocoiiininne 74
Figure 4.3. The framework of CNN that used for seismic horizon interpretation. ...................... 75

Figure 4.4. The workflow of our proposed method for semi-automated seismic horizon

(1) G 0] =] LA o] PSSRSO 77
Figure 4.5. The manually interpreted seismic horizons on a 50x50 coarse grid ............c.ccevnee. 78
Figure 4.6. The manually interpreted seismic horizons over the whole seismic survey.............. 79
Figure 4.7. The manually interpreted seismic horizons on a 100%100 coarse grid ..................... 80
Figure 4.8. The manually interpreted seismic horizons over the second seismic survey ............ 81
Figure 4.9. The loss and accuracy are varying with epochs of the first field data. ..................... 82
Figure 4.10. The loss and accuracy are varying with epochs of the second field data. ............... 82
Figure 4.11. The error distribution and average of absolute error of the first field data. ............ 83

Figure 4.12. One representative inline seismic slice located at the boundary of our seismic

IRV Y OSSPSR 86
Figure 4.13. The final output horizons overlaid on the inline section slice...........ccccococivnenene. 86
Figure 4.14. The interpreted seismic horizons using our proposed method. ...........ccccccccvenienene 87
Figure 4.15. The interpreted seismic horizons using seeded auto-tracking. ..........ccccoceeevveriennnne 87

Figure 4.16. The absolute error maps between the ground truth and the results using our

proposed method for the first field data. ...........cccooeeiieii 88
Figure 4.17. The absolute error maps between the ground truth and the result using seeded auto-

tracking for the first field data ............coooiiiii i 88
Figure 4.18. The seismic amplitude maps of ground truth of the first field data......................... 89

Figure 4.19. The seismic amplitude maps using our proposed method for the first field data.... 89

xii



Figure 4.20. The seismic amplitude maps using seeded auto-tracking for the first field data..... 90

Figure 4.21. The comparison on an inline section of the first field data. ............ccccooeiiiinnnnne 90
Figure 4.22. The comparison on a crossline section of the first field data. .............cccccccervienne 91
Figure 4.23. The interpreted seismic horizons using our proposed method. ............c.cccccvvrienene 93
Figure 4.24. The interpreted seismic horizons using seeded auto-tracking. ..........ccccoceevervrennnne 93

Figure 4.25. The absolute error maps between the ground truth and the results using our

proposed method for the second field data ............ccccoeiieiiiciieec e 94
Figure 4.26. The absolute error maps between the ground truth and the results using seeded

auto-tracking for the second field data............ccocveviiiiiiccec e 94
Figure 4.27. The seismic amplitude maps on the horizon surfaces of ground truth .................... 95
Figure 4.28. The seismic amplitude maps on the horizon using our proposed method .............. 95
Figure 4.29. The seismic amplitude maps on the horizon using our seeded auto-tracking. ........ 96
Figure 4.30. The comparison on an inline section of the second field data................cccccocvrenene 97
Figure 4.31. The comparison on a crossline section of the second field data................ccccoouenee. 97

Xiii



CHAPTER 1
INTRODUCTION

In recent years, deep learning has achieved great success on computer science and
attracting enormous attention on different disciplines. It has been applied to the tasks of image
processing, speech recognition and natural language processing. Since the seismic data can be
treated as images, my dissertation focuses on adapting and improving the deep learning based
algorithms for seismic exploration.

Micro-seismic events picking is a key step in seismic processing and imaging. Manual
picking is the most common but the most time-consuming interpretation technique. In recent
decades, many approaches have been proposed to pick the first arrival of micro-seismic events
automatically. One of the most widely used methods is the short-term average/long-term average
(STA/LTA) (Baer et al., 1987). STA/LTA first computes the moving average energy ratio of the
short time window to long time window. STA/LTA then chooses the peak that is larger than the
user-defined threshold as the first arrival. Baer and Kradolder (1987) improved the algorithm of
the STA/LTA by integrating a characteristic function (CF) and dynamic peak threshold into the
algorithm. Saragiotis et al. (1999) used higher-order-statistics (HOS) in a redundant wavelet
transform domain (R-WT) to pick the first arrival automatically. Zhang et al. (2003) used the
Akaike information criteria (AIC) to detect and pick the first arrival automatically. However,
these methods above usually encounter a problem in a really noisy environment. Other automatic
first arrival picking methods include multi-window algorithm (Chen et al., 2005), modified
energy ratio (MER) (Wong et al., 2009), transformed spectrogram approach (Song et al., 2010),

kurtosis ratio (S/L-Kurt) method (Li et al., 2014), adaptive filtering (Li et al., 2017) and

1



clustering analysis (Chen, 2017). Song et al. (2010) employed the correlation-based algorithm
that is capable of detecting the first arrival with low signal to noise ratio. Chen (2017) utilized an
unsupervised machine learning algorithm for first arrival picking and obtained a more robust

result than the state-of-art STA/LTA even in a really noisy environment.

Seismic denoising not only lowers the effect of subjectivity in seismic interpretation but
also improve the reliability of seismic inversion. In recent decades, numerous seismic denoising
approaches have been developed and widely applied in practice. Methods for seismic denoising
can be generally classified into four categories: The first category is based on building a
prediction filter to remove the noise of seismic data. The commonly used algorithms within the
first category includes f-x predictive filtering (Canales, 1984), t-x predictive filtering (Abma et
al., 1995), the forward-backward prediction approach (Wang, 1999), the polynomial fitting-
based approach (Liu et al. 2011), and non-stationary predictive filtering (Liu et al., 2012). The
second category projects the seismic data to a transformed domain and rejects the noise by
applying a bandpass filter to the transformed data. Finally, obtain the denoised seismic data by
projecting the filtered data back to the time domain. The commonly used algorithms within the
second category include Fourier transform (Chen et al., 2014), curvelet transform (Herrman et
al., 2008), seislet transform (Fomel et al., 2010), shearlet transform (Kong et al., 2015), Radon
transform (Trad et al., 2002; Xue et al., 2016), wavelet transform (Donoho et al., 1994), and
dictionary learning based sparse transform (Elad et al., 2006). The third category decomposes the
seismic traces into a set of components. Then, examine the time or frequency features of each
decomposed component. Finally, obtain the “clean” seismic traces by rejecting the components
which are regarded as “noise”. The commonly used algorithms within the third category include

empirical mode decomposition (EMD) (Huang et al., 1998; Bekara et al., 2009), variational



mode decomposition (VMD) (Dragomiretskiy et al., 2014; Li et al., 2017), and singular value
decomposition (SVD) based approaches (Bekara et al., 2007). Yuan et al. (2018) proposed a
novel inversion-based denoising method. The method has the advantages of preserving 3-D
spatial edges and low-frequency signals. The fourth category is based on the rank-reduction
reconstruction of seismic data. The commonly used algorithms within the fourth category
include Cadzow filtering (Trickett, 2008), and singular spectrum analysis (Vautard et al., 1992;

Oropeza et al., 2011).

The seismic horizons can be treated as the stratigraphic boundaries that represent the
depositional environments and geological features. Manual interpretation is the most familiar but
time-consuming interpretation technique. In recent decades, seismic horizon interpretation has
been automated to some extent by others. Zeng et al. (1998) proposed an interpolation method,
which first manually picking several reference strata slices and then build a surface volume by
interpolating the interpreted seismic surfaces. However, the interpolated surfaces may not follow
the local discontinues, like the fault and unconformities. Stark (2003) computed the unwrapping
instantaneous phase to generate a relative geological time (RGT) volume and produce multiple
horizons simultaneously. The seismic horizons that generated by RGT volume can provide a
quality measure along the unconformities, but it cannot follow the fault gap. Wu and Zhong
(2012) improved this method by using the graph-cut phase unwrapping, which performs well at
strong discontinues structure zone. Lomask et al. (2006) first calculated the local dips over the
entire seismic volume and transferred them into the time shift and then apply the least-square
method to track the seismic horizons automatically. Parks (2010) proposed a slope-based
flattening method, which use the structure tensor to estimate the dip and track seismic horizons

automatically. Fomel (2010) use the algorithm of predictive painting to build a 3D seismic



surface volume. Wu and Hale (2015) proposed an automatic horizons tracking method by adding
control points in the complex structure zone. Wu and Fomel (2018) proposed a novel
automatically seismic horizon interpretation method with local slope and multi-grid correlation

that can effectively deal with faults without any human effort or very few control points.

In chapter 2 of my dissertation, | propose a novel workflow to automatically pick the first
arrival of micro-seismic by using a state-of-art pixel-wise convolutional image segmentation
method. | first form the training data by randomly selecting part of the micro-seismic traces and
manually pick the time index of the first arrivals. | next segment the selected traces into two parts
according to the time index of manual picking and assign each part a label accordingly. I then
build an encoder-decoder convolutional neural network architecture and use the training data and
training label as the input. I next obtain the trained network hierarchy by learning the segmented
training data and labels. Finally, I predict the first arrivals of micro-seismic events by applying
the trained network hierarchy to the rest of the micro-seismic traces. Both the synthetic and field
data examples demonstrate that my proposed method successfully identifies the first arrivals.
The predicted first arrival result obtained by using my proposed method is superior to the result
obtained by using the traditional method of short-term average and long-term average

(STA/LTA).

In chapter 3 of my dissertation, | propose to attenuate the seismic noise by integrating
variational mode decomposition (VMD) and convolutional neural network. There are four main
steps in the proposed workflow. The first step is decomposing the seismic volume into different
intrinsic mode function and a residual component by using VMD. The second step is adding
user-generated white noise to each decomposed component. The third step is building the neural

network hierarchy to learn the feature of additive white noise. The last step is obtaining denoised



seismic data by applying the well-trained network to the original seismic data. | use both
synthetic and field data examples to illustrate the robustness and superiority of the proposed

method.

In chapter 4 of my dissertation, | propose a novel semi-automated seismic horizon
interpretation method using an encoder-decoder convolutional neural network (CNN). To
efficiently learn the waveform pattern that bounded by two adjacent horizons, | use a variable
size for the convolution filters which differs from the current CNN based image segmentation. |
form the training data by extracting the seismic traces on a user-defined coarse grid. The
interpreted horizons for the seismic traces on the coarse grid separate the seismic traces into
several segments. | then form the training labels by assigning a unique symbol to each segment.
The training data and labels are then used to train a network hierarchy. Next, we obtain the
seismic horizons over the whole seismic survey by applying the trained network to the rest of
seismic traces. In addition, | designed a two-step smooth filter to remove the spike but kept the
sharp fault, which can improve the accuracy of the predicted horizons. Two field data examples
demonstrate that my proposed method can accurately generate seismic horizons for each seismic
trace if 1 only have interpreted horizons on a coarse grid of the seismic survey. Finally, | made
some test to find out the limitation of our proposed method that includes the minimum interval
distance of the horizons and the maximum noise resisted ability. In the last chapter, I draw

general conclusions and suggest possible future work direction.
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ABSTRACT
Micro-seismic imaging plays an important role in hydraulic fracture detection and the

first arrival picking of micro-seismic events is the bedrock of micro-seismic imaging. Manual
picking is the most reliable but also the most time-consuming method for the detection of the
first arrival of micro-seismic events. Accurate and efficient first arrival picking in a real noisy
environment is a challenge for most of the automatic first arrival picking methods. We propose a
novel workflow to automatically pick the first arrival of micro-seismic by using a state-of-art
pixel-wise convolutional image segmentation method. We first form the training data by
randomly selecting part of the micro-seismic traces and manually pick the time index of the first
arrivals. We next segment the selected traces into two parts according to the time index of
manual picking and assign each part a label accordingly. We then build an encoder-decoder
convolutional neural network architecture and use the training data and training label as the
input. We next obtain the trained network hierarchy by learning the segmented training data and
labels. Finally, we predict the first arrivals of micro-seismic events by applying the trained

network hierarchy to the rest of the micro-seismic traces. Both the synthetic and field data

examples demonstrate that our proposed method successfully identifies the first arrivals. The
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predicted first arrival result obtained by using our proposed method is superior to the result
obtained by using the traditional method of short-term average and long-term average

(STA/LTA).

INTRODUCTION

Micro-seismic events picking is a key step in seismic processing and imaging. Manual
picking is the most common but most time-consuming interpretation technigue. In recent
decades, many approaches have been proposed to pick the first arrival of micro-seismic events
automatically. One of the most widely used methods is the short-term average/long-term average
(STA/LTA) (Baer et al., 1987). STA/LTA first computes the moving average energy ratio of the
short time window to long time window. STA/LTA then chooses the peak that is larger than the
user-defined threshold as the first arrival. Baer and Kradolder (1987) improved the algorithm of
the STA/LTA by integrating a characteristic function (CF) and dynamic peak threshold into the
algorithm. Saragiotis et al. (1999) used higher-order-statistics (HOS) in a redundant wavelet
transform domain (R-WT) to pick the first arrival automatically. Zhang et al. (2003) used the
Akaike information criteria (AIC) to detect and pick the first arrival automatically. However,
these methods above usually encounter a problem in a real noisy environment. Other automatic
first arrival picking methods include multi-window algorithm (Chen et al., 2005), modified
energy ratio (MER) (Wong et al., 2009), transformed spectrogram approach (Song et al., 2010),
kurtosis ratio (S/L-Kurt) method (Li et al., 2014), adaptive filtering (Li et al., 2017) and
clustering analysis (Chen, 2017). Song et al. (2010) employed the correlation-based algorithm
that is capable of detecting the first arrival with low signal to noise ratio. Chen (2017) utilized an
unsupervised machine learning algorithm for first arrival picking and obtained a more robust

result than the state-of-art STA/LTA even in a real noisy environment.
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Deep learning is a subset of machine learning and has gained attention in various fields.
Convolution neural network (CNN) proposed by LeCun et al. (1989) is one of the most popular
and widely used deep learning algorithms. Many CNN based algorithms have been proposed for
image segmentation and objects recognition, including LeNet (LeCun et al., 1998), AlexNet
(Krizhevsky et al., 2012), RCNN (Girshick et al., 2014), GoogleNet (Szegedy et al., 2015) and
VggNet (Simonyan et al., 2015). Long et al. (2015) proposed an end-to-end convolutional neural
network that called fully connected neural network (FCN), which enhances the capability of
image segmentation from regional level to pixel level. A general end-to-end pixel-wise image
segmentation architecture can be broadly regarded as an encoder network followed by a decoder
network. The encoder is a pre-trained classification network and decoder projects the
discriminative features learned by the encoder semantically. He et al. (2015) introduced a novel
architecture with a skip connection into the deep neural network. Skip connections are extra
connections between nodes in different layers of a neural network that skips one or more layers
of nonlinear processing, which makes the training of very deep network possible.
Badrinarayanan et al. (2015) proposed the SegNet for pixel-wise image segmentation.
Comparing with FCNs, SegNet has two advantages: (1) the upsampling layer in the decoder
efficiently keeps high-frequency details in the segmentation; (2) the convolution layer can
memorize the indices of image feature by using convolution layer instead of using fully
connected layer.

In this paper, we propose a novel micro-seismic first arrival picking method based on the
convolutional neural network. First, we briefly introduce the application of SegNet for image
segmentation. We then describe our proposed workflow for the first arrival picking of micro-

seismic events. Finally, we show the application of our proposed workflow in the synthetic and
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field data examples, which demonstrate the effectiveness and superiority of our proposed method

over the traditional method of STA/LTA.

THEORY

SegNet

SegNet is a CNN based algorithm that used for the pixel-level image segmentation.
Figure 2.1 shows a typical architecture of SegNet, which consists of an encoder network and a
decoder network. The encoder network consists of a sequence of non-linear processing layers
and each layer contains four operations. The first, second, third, and fourth operators are
convolution filter (Conv), batch-normalization regularizer (BN), ReL.U activation operator, and
max-pooling operator, respectively. The decoder network also consists of a sequence of non-
linear layers that are corresponding to the layers in the encoder network. Each layer includes
upsampling operator, convolution filter, batch-normalization regularizer, and ReLU activation

operator. The layers in the encoder and decoder networks are connected using “skip-connection”.

The last step of the network is an element-wise classification layer.

jp——

Input image Output label

Skip conneclion

. Conv + BN + ReLU . Maxpooling . Upsampling . Softmax

Figure 2.1. The overall architecture of the proposed deep convolutional end-to-end neural

network. It has two main parts: an encoder network and a decoder network.
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Obtaining the trained network is the most important step in the process of image
segmentation using the encoder-decoder neural network. First, we need a set of training images
to determine the parameters of the operators in the architecture. Each image in the training set
has been manually segmented, and each segment in the image has a unique label. The objective
of the training process is to determine the parameters of the operators in the encoder and decoder
parts. The purpose of the encoder is passing the main features of the image to decoder while the
purpose of the decoder is reconstructing the feature of the image. We iteratively update the
parameters of operators by minimizing the loss function. The built network is then used to
segment those images that need to be segmented.

First arrival picking using SegNet

The first arrival of micro-seismic events is picked by detecting the onset time of micro-
seismic arrivals in the refracted signals from the wellbore. Figure 2.2 shows a typical micro-
seismogram recorded by a geophone and the first arrival is indicated by the red arrow.

First-arrival
\

Amplitude
)

0 200 400 600 800 1000

Time (ms)
Figure 2.2. Micro-seismogram record. From this Micro-seismic trace, we can detect the first

arrival that indicates by the red arrow.
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A micro-seismic trace is treated as a 1D image and the time index of first arrival
segments the 1D image into two parts. The lower part contains the information related to the
micro-seismic events, while the upper part does not. In this manner, the first arrival picking of
micro-seismic events can be regarded as detecting the boundary (a pixel) that divides the 1D
seismic image into two sequences. SegNet is a pixel-level image segmentation method and is
capable of obtaining an accurate boundaries for multiple objects. In addition, SegNet is superior
to other CNN based image segmentation methods that detect the objects by using a series of the
rectangular region. As a result, we propose a novel workflow by employing SegNet to pick the
first arrival of micro-seismic events.

Workflow
The workflow begins by converting the micro-seismic trace into 1D gray-scale image.

The function that transfers the seismic amplitude to the gray image is defined as follow:

z:zssx(ZX (;;:(“:;j(;? n(s))%], (1)

where s is the input seismic trace and z is the gray output image.

First arrival
—
1
Seismic trace Training data Training label

Figure 2.3. The basic workflow to build the train data and train label.
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We next segment the micro-seismic trace into two sequences according to the time index
of manually picked first arrival. The upper and lower sequences are labeled with 0 and 1,
respectively. Any symbols can be assigned to the upper and lower parts of the segmented seismic
trace as long as the symbols of the two sequences are different from each other. Figure 2.3
illustrates the process of data preparation. The first, second, and third panels in Figure 2.3 are the
seismic trace, seismic image, and corresponding segmented label. The red dash line in Figure 2.3
indicates the time index of the first arrival. The gray images and corresponding labeled images

are the inputs for the SegNet to train the proposed neural network.

I \ 1

1
1
~0_|

—_ O | = == | =

1
2
2
1
1
1

Input image  Convolution kernel ~ Feature map

Figure 2.4. Example of convolution operation on a one-dimensional signal.

After preparing the input data, we build a deep convolutional encoder-decoder neural
network using a sequence of nonlinear processing layers (encoder and the corresponding
decoder) followed by a softmax classification layer. The encoder consists of several layers that

are convolution filter, batch-normalization regularizer, ReLU activation operator and max-
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pooling operator. Figures 2.4, 2.5, and 2.6 together illustrate the encoder-decoder process by

using one-dimensional input data.

X1 X X3 X3 X1 X X3 X3
1 4 1 7 -0.71 0.71 -0.71 0.71
Batch-normalization
3 2 2 6 0.71 -0.71 -0.71 0.71
—
3 8 2 1 -0.71 0.71 0.71 -0.71
2 2 5 3 0 0 0.71 -0.71
B, B, B, B,

Figure 2.5. Illustration of batch-normalization regularizer on a one-dimensional signal.

1 1
0 Maxpooling 1 Upsampling 0.5
0 1 0.5
1 1

Figure 2.6. Illustration of batch-normalization regularizer on a one-dimensional signal.

The first step in the encoder part is convolution and the objective of the convolution layer
IS extracting the feature of images to form the feature maps. Consider the input data in this paper
is 1D gray image, so the equation of convolution layer is defined as follow:
X=b+w=*z (2)
where * denotes the convolution operation, b is a bias term to be learned, z is the input data, w
is the convolution filter, and x is the output feature maps. Figure 2.4 shows an example of the

convolution operation on the one-dimensional signal.
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The output feature maps x is normalized by using the batch-normalization (BN) (loffe et
al., 2015) algorithm, which consists of four steps:

i. Define a batch B = {x,, x5, ..., x,,,} according to the user defined batch size m. We randomly
select seismic traces from the input training seismic traces to form a batch. Figure 2.5
illustrates the process of batch definition and the batch size is 2. Seismic traces of number 1
and 2 together form the first batch while number 3 and 4 together form the second batch.

ii. Compute the mean value g and variance o2 of the seismic traces within each batch

g =— Y % (3)

78 == (xi s )

iii. Generate the normalized vector 3

% = Xi —#B (5)

where € is a small positive constant value to avoid a case with zero variance value. We use the
normalized vector x; to update the gradient at the current layer.
iv. The scaled and shifted normalized vector c; is the input for the next layer:
Ci =X+, (6)

where y and £ are the parameters to be learned. To pass the main features of the current layer to
the next layer, a rectified linear unit (ReLU) activation operator is applied to the scaled and
shifted vector:

& =max0,¢;) (7

The max-pooling operation is the final step in each layer of the encoder part. The

upsampling is the first step in each layer of the decoder part. The upsampled result is used as the
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input for constructing the feature maps. Because the input data are a 1D signal, the size of the
max-pooling and upsampling operators is 2x1. Figure 2.6 illustrates the processing of max-
pooling and upsampling for a 1D signal.

Next, we use the cross-entropy loss function to compute the loss between the ground

truth and predicted probability distribution. The loss function is defined as:

g (61)=———, (®)
l+e™ ™
0)=- 13y toat e+ -, o o) ©

where hg (¢;) is the hypothesis function of ¢, m is the total number of input data, and y; is the
corresponding training label.

We then employ the adaptive moment estimation (Adam) algorithm (Kingma et al., 2015)
to iteratively update the parameters that need to be learned in the proposed deep convolutional
neural network. The algorithm of Adam consists of the following steps:

i. Initialize the convolution filter w, and bias terms b with random numbers.
ii. Initialize the 1% moment vector p, and 2" moment vector q,. Set the exponential decay rates
B, and S, for the moment estimation within the range from 0 to 1.
iii. Get the gradient g, of the loss function at time step t, which is given by:
9t =VI(a)- (10)
iv. Update the 1% moment vector p, and 2" moment vector q,, which is defined as,

Pe=p1 Pra+0- B, (11)

00 =B -Qua + (- B o (12)

v. Compute the corrected moment vectors p; and q; :
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b=p/1-A, (13)

6 =0, /155 | (14)

vi. Update the gradient, convolution kernel w, and bias term b.

0t=9t-1'0"f11/( G +'9), (15)

w, = W% (16)
0J16;.

by =by-a- 85):11) , (17)

The training process will keep updating the parameters until the loss function or epoch
time meet the user-defined threshold. We finally apply the trained network to the rest of micro-

seismic traces and extract the boundary as the predicted first arrival of micro-seismic events.

SYNTHETIC AND FIELD DATA TEST

Prepare input data for SegNet

Figure 2.7 shows a two-layer velocity model with the yellow dots representing the micro-
seismic events source and the upside-down green triangles representing the geophones. Figure
2.8 shows the synthetic micro-seismic data set generated by centralized reverse time migration
(RTM) source location method. Our synthetic example has 300 traces and the time sampling
interval is 1ms. The blue dots in Figure 2.8 are the manual picking of the micro-seismic gather
and these manual interpretation function as the ground truth for validating our workflow. We
randomly select 30 seismic traces (Red color in Figure 2.9a) as the training dataset (Figure 2.9b).
We next convert the selected micro-seismic traces into gray images (Figure 2.9c) and label the

training traces (Figure 2.9d) according to the time index of manual picking.
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Figure 2.7. Two-layer velocity model for synthetic example.
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Figure 2.8. Manually picked first arrival of the synthetic micro-seismic gather. We use this

manually picked first arrival as the ground truth model.
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seismic traces over the whole seismic survey. (b) Organized selected seismic traces. (c) Convert

the selected seismic traces to grey images. (d) Label the training data to build the training label.
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Figure 2.11. The predicted result of noise-free synthetic data. (a) The predicted label through our
proposed method. (b) The ground truth first arrival (blue dots), first arrival picking by using
STA/LTA (green dots) and predicted first arrival (red circles) overlaid the synthetic data. (c) The
difference between the ground truth and predicted first arrival. (d) The difference between the
ground truth and the picked first arrival using STA/LTA. (e) The distribution of the difference
between the ground truth and predicted first arrival. (f) The distribution of the difference

between the ground truth and the picked first arrival using STA/LTA.
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Build a deep encoder-decoder neural network

We next build a deep convolutional encoder-decoder neural network. Six layers existed
in the encoder network with the convolution kernel size of 32x1, 24x1, 16x1, 8x1, 5x1, and 3x1,
respectively. In the decoder network, there are six layers corresponding to the structure of the
encoder network with the convolution kernel size of 3x1, 5x1, 8x1, 16x1, 24x1, and 32x1,
respectively. The validation data set is different at each iteration and provide the unbiased
evaluation. Figure 2.10 shows the training loss and accuracy varying with parameters updating
loops (epochs). Our training process converges after 20 epochs and the validation accuracy in the

training process is above 99%. The training and validation accuracy is defined as:
m
accuracy=— (18)

where m denotes the amount of matched pixels between the predicted and ground truth labels,

and n denotes the total amount of pixels.

Predict STA/LTA

Ground truth
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Time (ms)

Figure 2.12. Comparison between the predicted and ground truth first arrival for three

representative micro-seismic events of noise-free synthetic data test.
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Predict the first arrival of micro-seismic events for noise-free synthetic

To demonstrate the performance of our proposed method, we first test a noise-free
synthetic example and compare with the traditional method of STA/LTA. Figure 2.11a shows the
predicted labels and the boundary between these two labels are treated as the time index of first
arrival picking. The red circles and green dots in Figure 2.11b are the first arrival picking results
by using our proposed method and STA/LTA, respectively. Both of these two methods obtained
a very good match with the ground truth indicated by blue dots in Figure 2.11b. To further
evaluate the performance of our proposed method and STA/LTA, we compare the difference
between the manual picking with our method (Figure 2.11c) and STA/LTA (Figure, 2.11d). We
then compute the absolute average difference between predicted and manually picked first arrival

of micro-seismic events:

N
2.[Gi —P
_ i=

N

d (19)

where d denotes the absolute average difference, G; denotes the ground truth first arrival of the
micro-seismic event for the it" trace, P; denotes the first arrival of micro-seismic events for the
it" trace by using our proposed method or STA/LTA, N is the total trace number of the testing
data. The absolute average difference by using our proposed method and STA/LTA are 0.25ms
and 1.95ms, respectively. The absolute average difference indicates that the average picking
error obtained by our proposed method is much smaller than the sampling interval of the micro-
seismic events. Figure 2.11e and 11f shows the distribution of the difference by using our
proposed method and STA/LTA, respectively. Around 85% of the micro-seismic events have an
accurate prediction for the time index of the first arrival. The variance of the distribution is 0.52,

which has shown a good stability of our predicted result. Figure 2.12 shows the comparisons
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between the predicted and ground truth first arrival for three representative micro-seismic events.

Note the good match between the ground truth and predicted the first arrival.
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Figure 2.13. Noisy synthetic micro-seismic example.

Predict the first arrival of micro-seismic events for noisy synthetics

To illustrate the effectiveness and superiority of our proposed method over the traditional
method of STA/LTA, we test a noisy synthetic example (Figure 2.13) where the signal to noise
ratio (SNR) equals to 1. We repeat the procedure of the noise-free synthetic example and the
predicted label is shown in Figure 2.14a. The first arrival picking results by using our proposed
method and STA/LTA are indicated by red circles and green dots shown in Figure 2.14b. Note
the good match between the result by using our proposed method and the ground truth (blue
dots), while the method of STA/LTA has failed to pick the correct first arrival. Figures 2.14c and
2.14d show the difference with the ground truth by using our proposed method and STA/LTA,
respectively. The absolute average differences are 0.41ms and 229.57ms that corresponding to

our
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Figure 2.14. The predicted result in a noisy synthetic example. (a) The predicted label through
our proposed method. (b) The ground truth (blue dots), first arrival picking using STA/LTA
(green dots) and predicted first arrival (red circles) overlaid the synthetic data. (c) The difference
between the ground truth and predicted first arrival. (d) The difference between the ground truth
and the picked first arrival using STA/LTA. (e) The distribution of the difference between the

ground truth and predicted first arrival. (f) The distribution of the difference between the ground

truth and the picked first arrival using STA/LTA.
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method and STA/LTA. Figures 2.14e and 2.14f show the distribution of the difference by using
our proposed method and STA/LTA, respectively. The variance of the distribution by using these
two methods are 0.87 and 780.59, which our proposed method has shown good stability for the
accurate first arrival picking. Figure 2.15 shows the comparisons between the predicted,
STA/LTA and ground truth first arrival for three representative micro-seismic events. Note the

good match with the ground truth by using our proposed method and the significant difference

by using STA/LTA.
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Figure 2.15. Comparison between the predicted and ground truth first arrival for three

representative micro-seismic events of noisy synthetic data test.

Predict the first arrival of micro-seismic events for various SNR synthetics

To illustrate the robustness of our proposed method, we test a more challenging synthetic
example to demonstrate the performance. Figure 2.16 shows a synthetic example that generates
from a different layer-cake model. The SNR is various from trace to trace and the average SNR
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is equal to 1. Figures 2.17c and 2.17d show the difference with the ground truth by using our
proposed method and STA/LTA, respectively. The absolute average differences are 0.403ms and
230.75ms that corresponding to our method and STA/LTA. Figures 2.17e and 2.17f show the
distribution of the difference by using our proposed method and STA/LTA, respectively. The
variance of the distribution by using these two methods are 0.86 and 778.61, which our proposed
method has shown good stability for the accurate first arrival picking. Figure 2.18 shows the
comparisons between the predicted, STA/LTA and ground truth first arrival for three
representative micro-seismic events. Note the good match with the ground truth by using our

proposed method and the significant difference by using STA/LTA.
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Figure 2.16. Noisy synthetic micro-seismic gather from a different model and the SNR is

various from trace to trace.
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Figure 2.17. The predicted result of a different noisy synthetic example. (a) The predicted label
through our proposed method. (b) The ground truth (blue dots), first arrival picking using
STA/LTA (green dots) and predicted first arrival (red circles) overlaid the synthetic data. (c) The
difference between the ground truth and predicted first arrival. (d) The difference between the
ground truth and the picked first arrival using STA/LTA. (e) The distribution of the difference
between the ground truth and predicted first arrival. (f) The distribution of the difference

between the ground truth and the picked first arrival using STA/LTA.
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Figure 2.18. Comparison between the predicted and ground truth first arrival for three

representative micro-seismic events of a different noisy synthetic data test.
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Figure 2.19. The comparisons between the results by using our proposed method (red dots) and

STA/LTA (green dots) on three different noisy synthetic example. The average SNR is 0.5 in (a),

0.3in (b) and 0.15 in (c).

To determine the minimum SNR that our proposed method can handle, we test three
extremely noisy synthetic examples. Figures 2.19a, 2.19b and 2.19¢ show these three synthetic
examples with the average SNR of 0.5, 0.3 and 0.15, respectively. The first arrival picking by

using our proposed method and STA/LTA are indicated by red dots and green dots, respectively.
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Note that the picking result by using our proposed method shown in Figure 2.19c is still

acceptable. Thus, the minimum SNR for our proposed method is lower than 0.15, which

’3
;ﬂ!

illustrate the robustness of our method to noise.
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Figure 2.20. Manually interpreted first arrivals (blue dots) of a field data example.

Predict the first arrival of micro-seismic events for field data

To demonstrate the effectiveness and robustness of our proposed method on the field
data, we use the real micro-seismic gathers are shown in Figure 2.20. We have 14 gathers (672
traces) in total and the manually interpreted first arrivals are indicated by blue dots in Figure
2.20. To simulate the procedure of manual picking, we choose the first two gathers (96 traces) as
the training traces that are shown in Figure 2.21a. Figures 2.21b and 2.21c show the
corresponding training data and training label, respectively. We then repeat the procedure of the
synthetic example and apply the trained neural network into the rest 12 gathers (576 traces) to

predict the first arrivals. Figure 2.22a shows the predicted label by using our proposed method.
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Figure 2.22b shows the first arrival picking by using our proposed method (green dots) and
STA/LTA (red dots). Our method has a good match with the ground truth (blue dots), while
STA/LTA failed to pick the correct first arrivals. Figure 2.22¢ shows the difference with the
ground truth by using our proposed method (blue dots) and STA/LTA (red dots), respectively.
The absolute average differences are 1.35ms and 136.37ms that corresponding to our proposed
method and STA/LTA. Figure 2.23 shows the comparisons between the predicted, STA/LTA
and ground truth first arrival for three representative micro-seismic events. Our proposed method

matches well with the ground truth and STA/LTA does not match.
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Figure 2.21. Training data and training label for field data. (a) The first two gathers are selected
as the training traces. (b) The converted gray image from the training traces. (c) The training

labels according to the manual interpretation at the training traces.

For the time cost comparison, the proposed method takes 53.3s while the manual
interpretation takes about 300s. The computation is done on a workstation equipped with a 4 core
Intel Xeon 4.20 GHz CPU of 64GB memory and an NVIDIA Quadro P5000 GPU of 16 GB
memory. Thus, our proposed method can save massive time for the first arrival picking of micro-

seismic events.
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Figure 2.22. The results of the field data example. (a) The predicted label by using the proposed
method (b) The results by using our proposed method (green dots) and STA/LTA (red dots) and
the manually picked first arrival is indicated by blue dots. (c) The difference between the ground
truth and predicted result (blue dots), the difference between the ground truth and the result by

using STA/LTA (red dots).

34



300 . . - *
- . L N . . L] . ™ . . *
. - . . a e
L] [ ] * . c.. - - * to. .
. ® . " . . . .
—_— 2% - -
2] . . .
= . .
~—
3 0 r P
g t' . . . -, 0, . - . e .
H . s & " ™ : . .
. . o . . . . X .. .
. " ** . . . s .
=300
0 192 384 57
Trace

Figure 2.23. The difference between the ground truth and predicted outcome (blue dots), the

difference between the ground truth and the result using STA/LTA (red dots) on the field data
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Figure 2.24. Comparison between the predicted and ground truth first arrival for three

representative micro-seismic events of real data test.
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DISCUSSION

The synthetic and real applications demonstrate that our proposed method has a good
performance on first arrival picking of micro-seismic events. To successfully apply our proposed
method into the task of micro-seismic first arrival picking, several key factors should be taken
into account. The first key factor is the number of layers for building the deep convolutional
neural network architecture. The layer number depends on the size of input data and the data size
would be reduced by half at each layer. We obtained the best performance when the ratio
between the size of the last layer and label number is four. We suggest that the size of the last
layer should be between two to six times larger than the label number. The second key factor is
the number of training data. In our case, we test 1 gather (7.14%), 2 gathers (14.3%), 3 gathers
(21.4%), 4 gathers (28.6%) and 5 gathers (35.7%). We obtain the same level of the predicted
result when the number of training gathers is larger than 2. However, our proposed method fails
to predict the correct first arrival if the number of training gathers is smaller than 2. Thus, we
suggest that the amount of training data should be large than 15% of the whole dataset. In
addition, we can select part of the dataset and test to use a different amount of training data prior
to applying the proposed method into the whole dataset, then decide how much of the training
data is good enough to obtain the correct result. The third key factor is the way of manual
interpretation. Because the real data are various from trace to trace. We conclude that either the
first peak or first trough can be the first arrival that ensures the neural network is learning all the
different features of the first arrival. The fourth key factor is choosing the proper shape of the
input data. In our field data example, we test converting the training data from 1D input data to
2D images. However, using 2D images as the input data failed to pick the correct first arrival. It

is possible that the number of training data has been reduced and it is easy to cause the problem
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of overfitting. Alternatively, the feature of horizontal continues in micro-seismic is not as good
as in normal seismic data and it is very hard for CNN to learn the bad continue feature. Thus, we

suggest choosing 1D input data for the task of micro-seismic first arrival picking.

CONCLUSIONS

We propose a novel micro-seismic first arrival picking method that is based on the pixel-
wise convolutional image segmentation method. The first step is building the training data by
randomly selecting part of the micro-seismic traces for manual interpretation. The second step is
building the training labels by labeling the selected micro-seismic traces into two parts according
to the time index of the manual picking. The third step is building an encoder-decoder
convolutional neural network hierarchy by learning the segmented training data and labels. The
final step is obtaining the predicted first arrivals of micro-seismic events by applying the trained
network hierarchy into the testing data. We modified the size of convolution kernels from
constant to downward trend and obtained higher accuracy in the predicted result. Both synthetic
and real data applications illustrate that our proposed method is superior to the traditional method

of STA/LTA and can save huge labor work than manual interpretation.
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ABSTRACT

Seismic noise attenuation is an important step in seismic data processing. Most of the
noise attenuation algorithms are based on the analysis of time-frequency features of the seismic
data and noise. We propose to attenuate the white noise of seismic data using convolutional
neural network (CNN). Traditional CNN based noise attenuation algorithms need prior
information (the “clean” seismic data or the noise contained in the seismic) in the training
process. However, it is tough to obtain such prior information in practice. We assume that
enough user-generated white noise realizations can simulate the white noise contained in the
seismic data. We then propose to attenuate the seismic white noise using the modified denoising
convolutional neural network (MDnCNN). The MDNnCNN does not need “clean” seismic data
nor the noise contained in the seismic data in the training procedure. To accurately and
efficiently learn the features of seismic data and band-limited noise at different frequency
bandwidths, we propose to decompose the seismic data into several components before the
training procedure of the MDNCNN. There are four main steps in the proposed workflow. The
first step is decomposing the seismic volume into different intrinsic mode function and a residual

component by using variational mode decomposition. The second step is adding user-generated
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white noise to each decomposed component. The third step is building the neural network
hierarchy to learn the feature of additive white noise. The last step is obtaining denoised seismic
data by applying the well-trained network to the original seismic data. We use both synthetic and

field data examples to illustrate the robustness and superiority of the proposed method.
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INTRODUCTION

Seismic noise attenuation is a crucial step to enhance the quality of seismic data. Seismic
denoising not only lowers the effect of subjectivity in seismic interpretation but also improve the
reliability of seismic inversion. In recent decades, numerous seismic denoising approaches have
been developed and widely applied in practice. Methods for seismic denoising can be generally
classified into four categories: The first category is based on building a prediction filter to
remove the noise of seismic data. The commonly used algorithms within the first category
includes f-x predictive filtering (Canales, 1984), t-x predictive filtering (Abma et al., 1995), the
forward-backward prediction approach (Wang, 1999), the polynomial fitting-based approach
(Liu et al. 2011), and non-stationary predictive filtering (Liu et al., 2012). The second category
projects the seismic data to a transformed domain and rejects the noise by applying a bandpass
filter to the transformed data. Finally, obtain the denoised seismic data by projecting the filtered
data back to the time domain. The commonly used algorithms within the second category include
Fourier transform (Chen et al., 2014), curvelet transform (Herrman et al., 2008), seislet transform
(Fomel et al., 2010), shearlet transform (Kong et al., 2015), Radon transform (Trad et al., 2002;
Xue et al., 2016), wavelet transform (Donoho et al., 1994), and dictionary learning based sparse
transform (Elad et al., 2006). The third category decomposes the seismic traces into a set of
components. Then, examine the time or frequency features of each decomposed component.
Finally, obtain the “clean” seismic traces by rejecting the components which are regarded as
“noise”. The commonly used algorithms within the third category include empirical mode
decomposition (EMD) (Huang et al., 1998; Bekara et al., 2009), variational mode decomposition
(VMD) (Dragomiretskiy et al., 2014; Li et al., 2017), and singular value decomposition (SVD)

based approaches (Bekara et al., 2007). Yuan et al. (2018) proposed a novel inversion-based
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denoising method. The method has the advantages of preserving 3-D spatial edges and low-
frequency signals. The fourth category is based on the rank-reduction reconstruction of seismic
data. The commonly used algorithms within the fourth category include Cadzow filtering
(Trickett, 2008), and singular spectrum analysis (Vautard et al., 1992; Oropeza et al., 2011).

Deep learning is a subset of machine learning that is based on learning data
representation. Convolutional neural network (CNN) (LeCun et al., 1998) is one of the most
popular and widely used deep learning algorithms. The CNN based algorithms already achieve
great success in the field of computer vision. CNN is extremely efficient in learning the features
of the images and labeling the objectives in the images. Numerous CNN based algorithms also
have been proposed to address the problem of image denoising. Jain et al. (2009) successfully
applied CNN to images denoising. Burger et al. (2012) denoise the images using the multiple
layer perceptron (MLP). Other popular CNN based image denoising methods include stacked
sparse denoising autoencoder (Xie et al., 2012) and trainable nonlinear reduction diffusion
(TNRD) model (Chen et al., 2015). Zhang et al. (2017) proposed denoise convolutional neural
network (DnCNN) to learn the feature of noise contained in the images. The main disadvantage
of current CNN-based denoising methods is that these methods need “clean” data and the
corresponding noisy data in the training process. Unfortunately, it is unfeasible to obtain “clean”
seismic data for training in practice.

We organized this paper as follow: we first describe our modification for DnCNN. We
then introduce the workflow of noise attenuation. We finally use both synthetic and field data
examples to illustrate the robustness and superior performance of VMD- MDNnCNN over f-x

deconvolution.
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THEORY

There are many successful applications of images denoising by using CNN based
algorithms (Xie et al., 2012; Zhang et al., 2017). The main advantage of CNN based denoising
methods is that CNN with multiple hidden layers (deep architecture) can recognize various
features of the input data and classify the recognized features into corresponding categories.
Obijective function

One 3D seismic volume can be reshaped to many 2D seismic sections through the inline
and crossline directions. Each seismic section can be treated as a 2D image. The image which
needs to be denoised can be defined as y = x + n, where y is the noisy image, X is the
corresponding clean image, and n is the additive noise. The goal of image denoising is building a
model to recover the clean image x from the corresponding noisy image y. According to the
objective function, the image denoising methods using CNN can be classified into two
categories.

The first category is modeling the “clean” image (Jain et al., 2009; Xie et al., 2012) by

minimizing the following objective function J(6):
3(6)=argmin =[x, - R, (v, | (1)
o Mia
where {(y;, x;)}!1, represents M noisy-clean image pairs, Ry denotes the entire convolutional
neural network with all the trainable parameters (convolution filter and bias) 8, Ry (y;) is the
predicted clean image by using the trained convolutional neural network Ry.

The second category is modeling the “noise” by applying the residual learning

formulation (Zhang et al., 2017):

J(6’)=arggmin ﬁ;ﬁlRa(yi)—(yi —x ) )
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where Rg(y;) is the predicted noise by using the trained convolutional neural network Ry.

In geophysics field, x and y can be regarded as the noise-free seismic images and noise
contaminated seismic images, respectively. Both equations 1 and 2 require clean and the
corresponding noisy data in the training process. Unfortunately, it is unfeasible to obtain purely
clean seismic data in practice. However, we assume that the white noise contained in the seismic
data can be simulated by enough user-generated white noise realizations n" (Wu and Huang,
2009). The seismic image with additive white noise can be expressed as

y' =x+n+n' ©)

The new objective function of MDNCNN is given by:

J(0)=arg(5ninﬁiM§Rg(yi)—(y{—ydz (4)

’ ()

. 1M ,
J(#)=arg mlnMZHRg(yi )—n
2] =1

According to the statistical properties of white noise, the distribution of the original white noise
n and the additive white noise n' are given by (Wu and Huang, 2004):

’

n; ~Z(futl.7612)rni '”Z(ﬂz’(fzz)v (6)
where y denotes the normal distribution, u, is the expectation and o; is the standard deviation of
the noise contained in the seismic data, u, is the expected value and o, is the standard deviation
of the additive white noise. Equation 6 illustrates that we can simulate the noise contained in the
seismic data if we have enough trials. To accurately simulate the noise contained in the seismic
data, the noise level of additive white noise should be close to the noise level of the original
white noise. We employ the peak signal noise ratio (PSNR) method to compute the signal to

noise ratio (SNR) for the input seismic data:
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2
SNR ~ PSNR =My—), (7

MSE

MSEz%%(yi 97, (8)

i
where y denotes the mean value of the original seismic data and MSE is the mean squared error
(Lietal., 2017).

After adding enough additive white noise realizations, the expectation u, and standard
deviation o, 0f certain realization of simulated noise should approximately equal to the
expectation u,and standard deviation o; of noise contained in the seismic data (Wu and Huang,
2004):

Hy = py, O = Oy 9)

Then, we obtain:

‘) (10)

.1 1 MN , 1M
J(H)zargécnln Nmizgl“Ra(yi)—nikHz zarg;nln MEHRe(yi)—ni‘

where N is the number of additive white noise realizations, n}, represent the i"" additive white
noise image of the k™ additive white noise realizations. Equation 10 indicates that the proposed
method does not require clean seismic data in the training process.
Architecture

The architecture of the proposed neural network is a sequence of nonlinear processing
layers followed by a sigmoid classifier layer based on the architecture of MDnCNN (Figure 3.1).
The input of the network is the original seismic data y and the seismic data with additive white
noise y' = y + n'. The network contains 17 layers in total. The first layer contains 64
convolution filters of size 3x3 and 64 rectified linear units (ReLU) activation operator. The
objective of the convolution filter is to generate feature maps of the input seismic data. The

objective of the ReLU is to activate the main features contained in the feature map. Different
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from the first layer, a batch-normalization (BN) (loffe and Szegedy, 2015) is added between the
convolution filter and ReLU for the following 2~16 layers. Batch-normalization is a re-
parametrization aimed to stabilize the parameters updating and improve the learning process.
The last layer only contains 64 convolution filters of size 3x3 to reconstruct the output. Then the
built neural network transforms the seismic noise attenuation procedure into an optimization
problem by solving a sequence of nonlinear functions. A gradient-based optimization algorithm
of adaptive moment estimation (Adam) (Kingma et al., 2015) is employed to minimize the

proposed objective function through iterative updating the parameters of the network.

Modified denoising convolutional neural network (MDnCNN)

Input

Output

bR

. Convolution filter
. Batch Normalization (BN)

Rectified linear units (ReLU)

Figure 3.1. The overall architecture of MDnCNN. It contains 17 layers and each layer includes

convolution filter (Conv), Batch Normalization (BN) and Rectified linear units (ReLU).

VMD-MDnCNN

Figure 3.2 shows a real seismic section of F3-block in the North Sea, Netherlands.
Figures 3.3a and 3.3b show the denoised result and the rejected noise by using the MDnCNN.
Note the noise indicated by the yellow arrows in Figure 3.3a and rejected visible reflections
indicated by the red arrows in Figure 3.3b. The main reason for this phenomenon is that that
seismic data are band-limited and the noise to signal ratio (SNR) is varying with bandwidths. If

we only use the MDnCNN to learn the feature of original white noise at full bandwidth, the
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MDnCNN cannot attenuate all the original white noise and will remove some visible reflections.
To better learn the noise feature, we propose first to decompose the seismic data into different
components and then apply the MDNnCNN to each decomposed component. In this work, we use
the variational mode decomposition (VMD) to decompose the seismic traces. We named the

proposed seismic noise attenuation procedure as VMD- MDnCNN.

Time (ms)

Figure 3.2. One section example of F3-block seismic survey.

Time (ms)
£

Time (ms)
»

Figure 3.3. lllustration of the test on F3-block using MDnCNN. (a) the denoised result. (b) the

rejected noise.
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VMD is an adaptive and non-recursive signal decomposition method (Dragomiretskiy and
Z0ss0, 2013). VMD decompose a signal into a series of intrinsic mode function (IMF) where
IMFs have the sparsity properties in the frequency domain. The frequency spectrum of every
IMF is computed around the center frequency w; and the sparsity of every IMF is constrained by
its bandwidth in the frequency domain. In other words, VMD decomposes the signal into
different IMFs and the frequency spectrum of each component tuned around the center
frequency w;. We obtain each IMF by recursively solving the following optimization problem:

i }{? i K“”*%j*“i(t)}e_w

2

2} : (11)

where u;and w;are modes and their center frequencies, respectively, §(t)is a Dirac impulse,

s(t)is the signal to be decomposed, the constraint condition is that the summation over all modes
should be the input signal, the term (6(1:) + é) * u; (t)is the Hilbert transform of u;, and the

parameters L is the user defined decomposed number.

Then, the denoising objective function, J(8)Y, for the j" decomposed seismic

WO Y [ O
Ry | Vi -1 Yik Vi ) (12)

where y@ and y’(j) represent the j™ decomposed component and the components with additive

component is given as:

J (0)(j) = arg min 1&% i“

6 i=1k=

white noise, respectively.
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Original data
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Rejected noise

Additive white noise realizations

Figure 3.4. The workflow of VMD-MDNCNN for seismic noise attenuation.

Figure 3.4 shows the proposed denoising workflow using VMD-MDnCNN. We first
decompose the seismic data (the 3D seismic data have been reshaped to 2D seismic sections in
both the inline and crossline directions) into several decomposed components and compute the
SNR for each component. We produce a “noisier” IMF by adding additive white noise to each
decomposed IMF and the residual component. The energy of the additive white noise
approximately equals to the energy of the white noise estimated within each decomposed
component. We next learn the feature of white noise by minimizing the difference between
additive noise and learned white noise from the “noisier” decomposed components (Equation
12). We produce the denoised components by subtracting the learned noises from the

corresponding decomposed components. We finally obtain the denoised seismic data by
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integrating the ensemble of denoised components. Figures 3.5a and 3.5b show the denoised
results and rejected noise by using VMD-MDNCNN. Note that our method successfully rejects
the noise indicated by the yellow arrows in Figure 3.3a and preserves the seismic reflections

indicated by the red arrows in Figure 3.3b.

Time (ms)

Time (ms)

Trace

Figure 3.5. Illustration of the test on F3-block using VMD-MDNCNN. (a) the denoised result.

(b) the rejected noise.

SYNTHETIC EXAMPLE

To demonstrate the performance of VMD-MDNCNN, we first test our method using
synthetic seismic data (Figure 3.6a) generated using the Marmousi model. We use zero-phase
Ricker wavelet to generate our synthetic seismic data. The dominant frequency of the Ricker
wavelet is 30 Hz. The synthetic seismic data contains 128 traces. Each trace has 128 time
samples and the time sample interval is 4ms. Figure 3.6b shows the noisy synthetic seismic data.
The additive noise is Gaussian noise and the SNR is 2. To ensure that the additive noise has the
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same frequency bandwidth with the seismic data, we applied a band-pass Butterworth filter (5-
10-95-100Hz) to the Gaussian noise before we add the noise to the noise-free synthetic seismic
data. Figures 3.7a, 3.7b and 3.7c show the denoised seismic data using f-x deconvolution,
MDnCNN and VMD-MDnCNN, respectively. Figures 3.8a, 3.8b and 3.8c show the rejected
noise using f-x deconvolution, MDNnCNN and VMD-MDnNCNN, respectively. Note that the
VMD-MDnCNN not only rejects the white noise (the yellow arrows in Figures 3.7a, 3.7b and
3.7¢) but also preserves the visible reflections rejected by f-x deconvolution and MDnCNN (the

red arrows in Figure 3.8a, 3.8b and 3.8c).

Trace

Figure 3.6. We add gaussian noise with the SNR is equal to 2 into the noise-free synthetic data
to generate the noisy synthetic data. (a) The noise-free synthetic data. (b) The noisy synthetic
data.

In this work, we found that that there is no obvious difference between the denoised
results both for the synthetic and real seismic data if the IMFs number is equal or greater than 2.

The computation cost
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Figure 3.7. lllustration of the denoised result on synthetic example. (a) f-x deconvolution. (b)

MDnCNN. (c) VMD-MDnCNN.
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Figure 3.8. Rejected noise through different denoising methods on synthetic example. (a) f-x

deconvolution. (b) MDnCNN. (c) VMD-MDnCNN.
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increases with the increasing of IMFs number. We set the IMFs number as 2 in our synthetic
testing. The moderate bandwidth constraint and the tolerance of convergence criterion are 100
and 0.01 for VMD decomposition, respectively. The pre-set center frequencies for these two
IMFs are 25 and 45Hz, respectively. The input for our VMD-MDnCNN is the first decomposed
IMF plus additive noise, the second decomposed IMF plus additive noise, and the residual
component plus additive noise. Figure 3.9 shows the training and validation loss varying with
optimization epochs. Considering that the data size used in deep learning is enormous, we
usually divide the learning data set into several small subsets (batch). The optimization
procedure is implemented batch by batch and one epoch means one optimization pass of the full
batches. We obtain the training and validation loss by applying the objective function shown in
Equation 12 to the training and validation data set, respectively. To overcome the overfitting
problem in the training procedure, the training and validation seismic traces are randomly
selected during each optimization epoch. The percentage of the training and validation seismic
traces in this paper is 70% and 30% both for the synthetic and real seismic data, respectively. A
specific seismic trace may belong to training seismic traces set in current optimization epoch but
may belong to validation seismic traces set in the next optimization epoch. Figure 3.9 illustrates
that we obtain a stable neural network hierarchy after 50 epochs in the training procedure.
Figure 3.10 shows the average amplitude spectrum of the original seismic (black), the
denoised result using f-x deconvolution (red), the denoised result using MDnCNN (blue) and the
denoised result using VMD-MDnCNN (green), respectively. Note that the amplitude spectrum of
the denoised result using VMD-MDnNCNN has a perfect match with that of original seismic data.
Unfortunately, the denoised result using f-x deconvolution and MDnCNN lost certain middle and

high-frequency content when compared that of original seismic data.
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Figure 3.9. Train loss and valid loss varying with different epoch for synthetic example.
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Figure 3.10. The frequency spectrum of the original data (black curve), MDnCNN result (blue

curve), VMD-MDNCNN result (green curve) and f-x deconvolution result (red curve) for the

synthetic test.
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FIELD DATA EXAMPLE

We further apply VMD-MDnCNN to a public seismic survey (Penobscot) to illustrate the
effectiveness of our proposed method. The Penobscot seismic survey was acquired over the
Scotian shelf, oversea Canada. The seismic survey contains 601 inlines and 482 crosslines. The
time increment of the seismic survey is 4ms. We observe both residual noise and possible

migration artifacts indicated by the yellow arrows in Figure 3.11.

Time (ms)

1000

Trace

Figure 3.11. One representative inline section example of Penobscot.

We first generate a large number of band-limited additive white noise realizations. The
bandwidth of the additive white noise obtained according to the frequency spectrum of the
seismic data. We then use VMD to decompose the original seismic data into two IMFs and a
residual volume. Based on the testing of real data application, we found that we can successfully
simulate the noise contained in the seismic data if the number of white noises realizations is
above 2000. In this work, we choose 2000 as the number of white noise realizations. The
simulated noise is then added to the decomposed two IMFs and a residual component. Figure

3.12 illustrates that we obtain a stable neural network after 60 epochs in the training procedure.
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Figure 3.12. Train loss and valid loss varying with different epoch for the seismic survey of

Penobscot.

Figures 3.13a, 3.13b and 3.13c show the denoised results using f-x deconvolution,
MDnCNN and VMD-MDnCNN, respectively. Figures 3.14a, 3.14b and 3.14c show the
difference between the original seismic data and denoised results using f-x deconvolution,
MDnCNN and VMD-MDnCNN, respectively. Note that the VMD-MDnCNN not only reject the
white noise and migration artifact indicated by yellow arrows in Figure 3.13, but also preserves
the visible reflections rejected by the f-x deconvolution and MDNCNN indicated by red arrows in
Figure 3.14. Figures 3.15, 3.16a, 3.16b and 3.16¢ show the 3D cube of original seismic data,
denoised seismic data using f-x deconvolution, MDNCNN and VMD-MDnNCNN, respectively
Figures 3.17a, 3.17b and 3.17c show the 3D rejected noise using f-x deconvolution, MDNCNN
and VMD-MDnNCNN, respectively. Note that the VMD-MDnNCNN have successfully rejected
most of the white noise and migration artifacts indicated by yellow arrows in Figure 3.15.
However, the denoised results using f-x deconvolution and the MDNnCNN still contain white
noise and migration artifacts indicated by yellow arrows in Figure 3.16. Figures 3.17a, 3.17b and

13.7c indicates that our
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Figure 3.13. The denoised results on the seismic survey of Penobscot. (a) f-x deconvolution. (b)

MDnCNN. (c¢) VMD-MDnCNN.
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Figure 3.14. Rejected noises through different denoising methods on the seismic survey of

Penobscot. (a) f-x deconvolution. (b) MDnCNN. (c) VMD-MDnCNN.
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proposed method not only attenuate the white noise but also preserve most of the useful seismic
amplitude indicated by red arrows. Here the SNR in MDNnCNN is 26.1, the SNR in VMD-
MDnCNN is 28.3 and the SNR in original data is 12.7. Thus, the contribution of MDNCNN for

denoising is about 79.5%.

Time (ms)

Figure 3.15. The original 3D seismic data of Penobscot.

Again, we further compare the spectrum of the original and denoised seismic data to
show the effectiveness of our method. Figure 3.18 shows the amplitude spectrum of the original
seismic (black), the denoised result using f-x deconvolution (red), MDnCNN (blue) and the
VMD-MDnCNN (green), respectively. Note that the average amplitude spectrum of denoised
data using VMD-MDnNCNN has a very good match with that of original seismic data.
Unfortunately, the denoised result using f-x deconvolution and MDnCNN lost certain middle and

high-frequency content when compared that of original seismic data.
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Figure 3.16. lllustration of the 3D volume denoised result on the seismic survey of Penobscot.

(a) f-x deconvolution. (b) MDnCNN. (c) VMD-MDnNCNN.
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Figure 3.17. Rejected noises on 3D volume through different denoising methods on the seismic

survey of Penobscot. (a) f-x deconvolution. (b) MDNCNN. (c) VMD-MDnCNN.
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Figure 3.18. The frequency spectrum of the original data (black curve), MDnCNN result (blue
curve), VMD-MDnNCNN result (green curve) and f-x deconvolution result (red curve) for the

seismic survey of Penobscot.

CONCLUSIONS

We propose a novel seismic noise attenuation method (VMD-MDnCNN) by integrating
our MDNnCNN with VMD. Current CNN based denoising methods either require the label of
clean seismic data or the label of noise contained in the seismic data. Our method does not
require clean seismic label nor purely noise label. The applications demonstrate that the white
noise contained in the seismic can be simulated by enough user-generated white noise
realizations. In addition, the applications demonstrate that the MDnCNN can obtain a more
accurate estimation of the noise feature from the decomposed bandlimited seismic data. Both
synthetic and real seismic data applications illustrate that our method is superior to the traditional
denoising method of f-x deconvolution. The applications also demonstrate that our method not
only effectively reject the white noise but also the migration artifacts contained in the seismic

data.
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ABSTRACT

Seismic horizon is one of the critical inputs for the structure and stratigraphy modeling
of reservoirs. It is extremely hard to automatically obtain an accurate horizon interpretation for
the seismic data where the lateral continuity of reflections are interrupted by the faults and
unconformities. The process of seismic horizon interpretation segment the seismic traces into
different parts and we consider the horizon interpretation as an image segmentation problem by
treating each seismic trace as a 1D image. We propose a novel semi-automated seismic horizon
interpretation method using an encoder-decoder convolutional neural network (CNN). To
efficiently learn the waveform pattern that bounded by two adjacent horizons, we use a variable
size for the convolution filters which differs from the current CNN based image segmentation.
We form the training data by extracting the seismic traces on a user-defined coarse grid. The
interpreted horizons for the seismic traces on the coarse grid separate the seismic traces into
several segments. Finally, we obtain the seismic horizons over the whole seismic survey by
applying the trained network to the rest of seismic traces. Two field data examples demonstrate
that our proposed method can accurately generate seismic horizons for each seismic trace if we

only have interpreted horizons on a coarse grid of the seismic survey.
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INTRODUCTION

Seismic horizon interpretation is an essential step for reservoir characterization. The
seismic horizons can be treated as the stratigraphic boundaries that represent the depositional
environments and geological features. Manual interpretation is the most familiar but time-
consuming interpretation technique. In recent decades, seismic horizon interpretation has been
automated to some extent by others. Zeng et al. (1998) proposed an interpolation method, which
first manually picking several reference strata slices and then build a surface volume by
interpolating the interpreted seismic surfaces. However, the interpolated surfaces may not follow
the local discontinues, like the fault and unconformities. Stark (2003) computed the unwrapping
instantaneous phase to generate a relative geological time (RGT) volume and produce multiple
horizons simultaneously. The seismic horizons that generated by RGT volume can provide a
quality measure along the unconformities, but it cannot follow the fault gap. Wu and Zhong
(2012) improved this method by using the graph-cut phase unwrapping, which performs well at
strong discontinues structure zone. Lomask et al. (2006) first calculated the local dips over the
entire seismic volume and transferred them into the time shift and then apply the least-square
method to track the seismic horizons automatically. Parks (2010) proposed a slope-based
flattening method, which use the structure tensor to estimate the dip and track seismic horizons
automatically. Fomel (2010) use the algorithm of predictive painting to build a 3D seismic
surface volume. Wu and Hale (2015) proposed an automatic horizons tracking method by adding
control points in the complex structure zone. Wu and Fomel (2018) suggested a novel
automatically seismic horizon interpretation method with local slope and multi-grid correlation

that can effectively deal with faults without any human effort or very few control points.
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In recent years, deep learning has captured significant attention in geoscience, and some
deep learning based methods have been successfully applied to the geological structure detection
(Huang et al., 2017; Wu et al., 2018; Zhao et al., 2018; Di et al., 2018;). Deep learning is a subset
of machine learning, and CNN (LeCun et al., 1998) is one of the most popular and widely used
deep learning algorithms, which achieves great success in the field of computer vision and
pattern recognition. The basic theory of CNN is learning the features of the images and classify
the images by different labels. Many algorithms based on CNN have been proposed to address
the problem of images classification (Krizhevsky et al., 2012; Szegedy et al., 2015; Simonyan
and Zisserman, 2015), and the accuracy has beyond the human level. However, those methods
can only recognize one dominant object in one single image. Girshick et al. (2014) proposed the
algorithm of regions with CNN features (R-CNN), which can localize and detect multiple objects
in one single image. This method uses a series of different scale rectangle regions to segment
multiple objects, but it cannot provide accurate boundaries of the objects. A breakthrough came
from the fully connected neural network (FCN) (Long et al., 2015) that enhance the capability of
image segmentation from the regional level to the pixel level. He et al. (2015) developed the
ResNet with skip-connection, which make the training of very deep convolutional neural
network possible. Other pixel-level image semantic segmentation methods include SegNet
(Badrinarayanan et al., 2015), U-Net (Ronneberger et al., 2015), E-Net (Paszke et al., 2016), and

Mask R-CNN (He et al., 2017).

In this paper, we treat each seismic trace as a 1D image and proposed a novel semi-
automated seismic horizon interpretation method using encoder-decoder CNN. The framework
of our network is similar to SegNet (Badrinarayanan et al., 2015). However, the size of the

convolution kernel varies with layers where the common CNN based segment algorithms employ
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a fixed size of convolution kernel for all the layers. This paper is organized as follow: we first
discuss the traditional seismic horizon interpretation techniques. We next introduce the details of
our proposed method for seismic horizon interpretation. We finally present the testing results on

two different field data and compare the results with the traditional seeded auto-tracking method.
CURRENT SEISMIC HORIZON INTERPRETATION TECHNIQUES

Current automatic and semi-automatic horizon interpretation algorithms are based on
comparing the similarity between nearby seismic traces or the dip of seismic reflectors. Seed-
based auto-tracking is the most popular semi-automated seismic horizon interpretation method
that has been widely used in the industry and commercial software (Dorn, 1998). The first
category is based on comparing the similarity s(i, j) of waveforms between the seed trace x(t)

and a neighbor tracey(t):

w 1 W 1 w
> (X(ti—f)—ZW ZX(ti—T)J(Y(ti—T)—zw ZY(Ti—T)J

s(i, j) = T=—W T=—W T=—W

w 1 W 2 \ 1 w 2
> (X(ti—f)—ZW ZX(ti—T)J > (y(ti_r)_Zw ZY(ti—f)J

T=—W T=—W T=—W T=—W

(D)

where x(t; — 7) denotes the amplitude of seismic at time index i with lag t, y(tj — r) denotes

the amplitude of synthetic at time index j with lag t, 2w is the temporal length of the correlation
window, i and j are time sample indices. The selected neighbor trace become “seed” trace if the
similarity between the original seed trace and neighbor trace is greater than a pre-defined

threshold. We repeat the process of similarity comparing and changing neighbor trace to “seed”

trace until the seismic traces become “seed” traces.
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Figure 4.1 shows two tests using seeded auto-tracking over the zone of faults (upper) and
unconformities (lower). The red curves in Figure 4.1 indicate the ground truth of our target
horizons. The white dots denote the seeds, and the green curves represent the corresponding
interpreted horizons using seeded auto-tracking. Note that seeded auto-tracking achieved a good
result at the smooth and flat areas. However, this method failed to detect the edge of

unconformities and follow the path of fault indicated by blue arrows.
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Figure 4.1. Illlustrating the limitation of seeded auto-tracking for seismic horizon interpretation
in complicated zones. The white dots denote the preset seeds. The red curves and green curves

represent manually interpreted horizons and predicted horizons using seeded auto-tracking,

respectively.
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Wu and Hale (2015) treated the seed-based horizon interpretation as constrained

optimized problem:

Minimize s(B) =5 |atf" — At (2a)
i=1
Subject to 5, =t,(seed), (2b)
where ty(seed) is the TWT of the seed; p = (ﬂl, ﬂz, ﬁm*n) is the two-way travel time

(TWT) of the samples on the horizon in a vector format, m and n are the inline and crossline

number, respectively; Atg'g ) and Ati(Seis) are the dips computed from the tracked horizon patch

and the dips computed from seismic reflection events, respectively
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The objective is to minimize the difference between the dips computed from tracked horizon

patches and the dips computed from seismic events.

In this paper, we illustrate the superiority of our algorithm by comparing our results with
the results produced from a commercial software where the algorithm is based on Equation 1.
Comparing the results with the results produced using Wu and Hale’s (2015) method is out of the

scope of this paper considering that we do not have access to their code.
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SEISMIC HORIZON INTERPRETATION USING ENCODER-DECODER CNN

Training set preparation

To generate the training data and training label for our network, we first manually
interpret the seismic horizons on a coarse grid. The seismic traces on the coarse grid are treated
as training data and the rest of seismic traces are treated as testing data. Next, the interpreted
seismic traces have been segmented into different parts according to the time index of seismic
horizons. We then produce the training label by assigning different symbols to different
segmented parts that bounded by two adjacent seismic horizons. For example, if we have four
manually interpreted seismic horizons in total and these four horizons segment the seismic traces
into five different segments, so we label these five different segments from top to bottom with 0,
1, 2, 3 and 4, respectively. Researchers can use any unique symbols to label the segmented parts.

Figure 4.2 shows an example of training data and the corresponding training label.

Training data Training label

Figure 4.2. One example of a training trace and the corresponding label, the red dash lines

represent different seismic surfaces.
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Figure 4.3. The framework of encoder-decoder CNN that used for seismic horizon

interpretation.

CNN framework

Figure 4.3 shows the framework of the proposed network. This symmetrical framework
contains two main parts: the encoder network and decoder network. A set of 1D seismic traces x;
are fed into the encoder as the input training data. The encoder network is composed of a series
of repeated layers, and each layer contains convolution filter, batch-normalization regularizer
(loffe and Szegedy, 2015), ReLU activation operator and a max-pooling operator. The objective
of the convolution filter is to generate feature maps of the input seismic data. We choose to use
downward trend size of convolution kernel in the encoder part, which are 32x1, 24x1, 16x1, 8x1
and 3x1, respectively. The reason for these downward kernel size is learning the feature of input

traces in different spatial scale. The objective of the ReLU is to activate the main features
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contained in the feature map. The maxpooling operator is used for downsampling and the size is
2x1 for all the convolution layers. The role of decoder network is reconstructing the image
according to the feature maps and feed into the element-wise classification layer. The decoder
also contains several layers that corresponding to the encoder network, and each layer is
composed of upsampling operator, convolution filter, batch-normalization regularizer and ReLU
activation operator. The upsampling operator is used for reconstruct the feature maps and the
size is 2x1 for all the convolution layers. In the decoder, we choose to use the upward trend size
of convolution kernel that the size are 3x1, 8x1, 16x1, 24x1 and 32x1, respectively. The last
step of the network is an element-wise softmax classification layer with the size of 1x1 and the

role of this layer is defining the weight of each pixel with the corresponding training label y; .

Loss function and parameters
Next, the cross-entropy loss function is used in our network to calculate the loss between
the ground truth and prediction, which is widely used in the image segmentation. The loss

function J(0) is given as follows:

he(xi):f1 (%)

3(0)= -%% y; log(h, (x;))-

BIH

30—y ogli—hy x,), ©

where hg (x;) is the prediction probabilities with all the trainable parameters 6 of the input data
x; for the last classification layer, and y; is the corresponding training label. Then, the built
network transforms the procedure of seismic traces segmentation into an optimization problem

by solving a sequence of nonlinear functions. A gradient-based optimization algorithm of
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adaptive moment estimation (Adam) (Kingma and Ba, 2015) is employed to minimize the

proposed objective function through iterative updating the parameters of the network.

In the training process, the size of input training data and training label is Nx1, where N
is the number of time samples of each seismic trace. To overcome the overfitting problem in the
training procedure, the training and validation seismic traces are randomly selected during each
optimization epoch. The percentage of the training and validation seismic traces in this paper is
70% and 30%, respectively. A certain seismic trace may belong to the training set in current

optimization epoch but may belong to the validation set in the next optimization epoch.

Training data Training label

Training Process

aoEfD0BA

Y

Trained network
hierarchy

Testing Process

Testing data

Boundaries
extraction

noECDBE ; T

1200

Predicted label Predicted horizons

Figure 4.4. The workflow of our proposed method for semi-automated seismic horizon

interpretation.
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Once the training process is finished, the well-trained network hierarchy is applied to the
test data. The trained network performs trace segmentation and label assignment trace by trace.
Figure 4.4 illustrates the workflow of our proposed method for seismic horizon interpretation,
which shows the examples of the training data, corresponding training label, testing data, and the
corresponding predicted label using our proposed method. We finally extracted the boundaries of

the predicted label as our final interpreted horizons.

APPLICATION

Data description

To demonstrate the effectiveness and superiority of our proposed method over the
traditional method on seismic horizon interpretation. We test on two different field data

examples and compare with the traditional method of seeded auto-tracking.

lime
(ms)
= 300

I 1200

Horizon 5 Horizon 6

Training data (seeds)

Figure 4.5. The manually interpreted seismic horizons on a 50x50 coarse grid for the first field

data.
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The first field data, F3-block, was a public data that acquired over the North Sea,
Netherlands. The applied data has 601 inlines, 901 crosslines and 288 time samples in this
seismic survey, the sample rate is 4ms. We first manually interpret six seismic horizons on a
50x50 coarse grid (Figure 4.5). We then use those manually interpreted seismic traces to build
the training data and corresponding training labels for the following training process. We also
manually interpret the seismic horizons on the rest of the seismic traces to produce the ground

truth result (Figure 4.6), which is used to validate our predicted outcome.

Horizon 1 % Horizon 2

Time

L Skm !

(ms)
e 300

Horizon 5

Ground truth

Figure 4.6. The manually interpreted seismic horizons over the whole seismic survey for the first

field data. We treat that as the ground truth horizons to validate our predicted results.

The second field data, Penobscot, was a public data that acquired over Nova Scotia,

Oversea Canada. The applied data has 500 inlines, 500 crosslines and 512 time samples in this
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seismic survey, the sample rate is 4ms. Since the geology structure of this seismic survey is more
smooth and flat than the first field data. We choose to use more sparse distributed seismic traces
that we manually interpret four seismic horizons on a 100x100 coarse grid (Figure 4.7). We then
use those manually interpreted seismic traces to build the training data and corresponding
training labels for the following training process. We also manually interpret the seismic
horizons on the rest of the seismic traces to produce the ground truth result (Figure 4.8), which is

used to validate our predicted result.

Horizon 2

Time
(ms)

800

2600

Training data (seeds)
Figure 4.7. The manually interpreted seismic horizons on a 100x100 coarse grid for the second

field data.

Training process
In the training process, we set the maximum epochs equal to 20 for both of these two
datasets. Figure 4.9 shows the loss and accuracy of the training process for the first field data.

Note that both the training and validation accuracies gradually increase to 95% while the training
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and validation loss converges to 0.1 after ten epochs for the first field data. Figure 4.10 shows the
loss and accuracy of the training process for the second field data. Note that both the training and
validation accuracies gradually increase to 95% while the training and validation loss converged

after ten epochs for the second field data.

Both of these two datasets are training on an NVIDIA Quadro P6000 GPU of 24 GB
memory. The computation cost is about 45 minutes for the first field data and about 20 minutes
for the second field data. The time cost for the manual interpretation on the coarse grid is about
60 minutes for the first field data and about 30 minutes for the second field data. The time cost
for manually interpreting the whole seismic survey is about three days for the first field data and

about two days for the second field data.

Horizon 1 Horizon 2

Ground truth
Figure 4.8. The manually interpreted seismic horizons over the whole seismic survey for the

second field data. We treat that as the ground truth to validate our predicted results.
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Figure 4.9. The loss and accuracy are varying with epochs of the first field data.
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Figure 4.10. The loss and accuracy are varying with epochs of the second field data.
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Figure 4.11. The error distribution and the average of absolute error for each horizon of the first

field data.

Refining predicted horizons by spatial correlation constraint

We evaluate the prediction error using the average absolute difference between the

ground truth and predicted result. The average absolute difference is defined as follow:

d=d
N

N
> [6i A
_ =l

()

where d denotes the absolute average difference, G; denotes the ground truth of the horizon for

the i*" trace, P; denotes the predicted horizon for the it" trace by using our proposed method, N
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is the total trace number of the testing data. Figure 4.11 shows the error distribution and average
of absolute error for each horizon. The x-axis is the error in sample and y-axis is the number of
sample. Note that the average value of the six horizons are all smaller than 3 samples which
demonstrate a very good prediction. Figure 4.11 shows that the error of 95% of prediction result
is smaller than 1 sample. However we still have a small amount of seismic traces whose error is
greater than 5 samples (20 ms). Figure 4.12 shows one representative inline seismic slice located
at the boundary of our seismic survey. Note that the improper two-way travel time “jump” of
predicted horizons indicated by the red rectangles in Figure 4.12. The yellow rectangle in Figure
4.12 indicates the reasonable two-way travel time “jump” caused the existing of fault. In this
paper, we propose two-step filtering to differentiate the reasonable and improper two-way travel
time jJumps. We preserve the two-way travel jumps caused by faults and then smooth the two-
way travel time for those improper jumps. The two-step filtering used in this paper is present in

Algorithm 1:

Algorithm 1: The two-step filter to detect the spikes and faults

Input: predicted horizon h(t) D with size (1, T)
Output: location of spike s

1: Initialize: s « [], M « 10,

2:fori=1toT

3: forj=itoi+l0

4: if |h(G)—h@DI|I<M
5: continue
6: elseif ||h(j) — h()|| =M

7 for k =j to j+10
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8: if |h(k) —h@I =M

9: continue

10: elseif ||h(k) — h()|l <M
11: s « [itk;s]

12: end

We then use the following equation to interpolate the two way travel time of the improper

jumps. We designed a Gaussian window:

—o 2
(o(r)=e-;[ x ) ,0<0.5.

We then smooth the spikes:
f(s)= Shls+oh(r),

where s denotes the indexes of the spikes. Figure 4.13 shows the final output horizons overlaid
on the inline section slice shown in Figure 4.12. Note that we simultaneously mitigate the
unreasonable jumps of two-way travel time for the same horizon and keep the reasonable jumps

of two-way travel time across the faults.

Experiment result and comparison

We apply these two well-trained networks to the testing data of these two field data to
predict the seismic horizons over the whole seismic surveys. The computation cost of testing for
both two field data is under 1 minute. We also compare the results using our proposed method
with the results using seeded auto-tracking. The time cost of seeded auto-tracking is about 16

minutes for the first field data and about 11 minutes for the second field data.
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Figure 4.12. One representative inline seismic slice located at the boundary of our seismic
survey.
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Figure 4.13. The final output horizons overlaid on the inline section slice shown in Figure 4.12.
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Figure 4.15. The interpreted seismic horizons using seeded auto-tracking of the first field data.
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Figure 4.16. The absolute error maps between the ground truth and the results using our

proposed method for the first field data.
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Figure 4.17. The absolute error maps between the ground truth and the results using seeded

auto-tracking for the first field data.
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Figure 4.18. The seismic amplitude maps on the horizon surfaces of ground truth of the first

field data.

-1

Figure 4.19. The seismic amplitude maps on the predicted horizon surfaces using our proposed

method for the first field data.
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Figure 4.20. The seismic amplitude maps on the predicted horizon surfaces using seeded auto-

tracking for the first field data.
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Figure 4.21. The comparison on an inline section of the first field data.

90



e

T TR DY s,

Time (ms)
~
2
A

1200 : ‘ 3 i BT T i :
100 400 700

Inline

Figure 4.22. The comparison on a crossline section of the first field data.

For the first seismic survey, the predicted seismic horizons using our proposed method
are shown in Figure 4.14. Figure 4.15 shows the interpolated seismic horizons using seeded auto-
tracking. To evaluate the predicted results of seismic horizons, we calculate the absolute error of
the time index between the ground truths with the predicted results. Figure 4.16 shows the
absolute error maps between the ground truths with the predicted results using our proposed
method that corresponds to the six horizons in the first field data. Figure 4.17 shows the absolute
error maps between the ground truths with the predicted results using the seeded auto-tracking
that corresponding to the six horizons in the first field data. Note that the predicted horizons
using our proposed method have a very good match with the ground truths, while the predicted
results using seeded auto-tracking have some obvious error with the ground truths that were
indicated by purple arrows. We also plot the seismic amplitude on different horizon surfaces to

evaluate whether the horizon laterally follows the consistent phase or not. Figures 4.18, 4.19 and
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4.20 show the amplitude maps of seismic horizons using ground truth, our proposed method and
seeded auto-tracking, respectively (the contour in the amplitude maps is caused by the onlap or
downlap). Note that the amplitude maps of seismic horizons using our proposed method have a
very good match with the amplitude maps of ground truths. However, the amplitude maps of
seismic horizons using seeded auto-tracking have some inconsistent phase and mess area that

indicated by purple arrows.

To further evaluate the performance of our proposed method, we show the examples of
seismic sections from the direction of inline (Figure 4.21) and crossline (Figure 4.22),
respectively. The interpretation results using our proposed method, seeded auto-tracking and
manual picking are represented by yellow, green and red curves, respectively. The training data
and training labels (seeds) are represented by white dots. Note that the method of seeded auto-
tracking failed to detect the edge of the unconformities that indicated by the blue arrow. Also
note that the seismic horizons obtained by using our proposed method have a very good match
with the ground truth, while the seeded auto-tracking failed to follow the seismic horizons on the

areas of faults and unconformities that indicated by blue arrows.

For the second seismic survey, the predicted seismic horizons using our proposed method
are shown in Figure 4.23. Figure 4.24 shows the interpolated seismic horizons using seeded auto-
tracking. Figure 4.25 shows the absolute error maps between the ground truths with the predicted
results using our proposed method. Figure 4.26 shows the absolute error maps between the
ground truths with the predicted results using the seeded auto-tracking. Note that the predicted
horizons using our proposed method have a very good match with the ground truths, while the
predicted results using seeded auto-tracking have some obvious error with the ground truths that

were indicated by purple arrows. Figures 4.27, 4.28 and 4.29 show the amplitude maps of
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seismic horizons using ground truth, our proposed method and seeded auto-tracking,
respectively. Note that the amplitude maps of seismic horizons using our proposed method have
a very good match with the amplitude maps of ground truths. However, the amplitude maps of
seismic horizons using seeded auto-tracking have some inconsistent phase and mess area that

indicated by purple arrows.
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Figure 4.24. The interpreted seismic horizons using seeded auto-tracking of the second field data.
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Figure 4.25. The absolute error maps between the ground truth and the results using our

proposed method for the second field data.
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Figure 4.26. The absolute error maps between the ground truth and the results using seeded

auto-tracking for the second field data.

%94



Figure 4.27. The seismic amplitude maps on the horizon surfaces of ground truth of the second

field data.

Figure 4.28. The seismic amplitude maps on the predicted horizon surfaces using our proposed

method for the second field data.
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Horizon 2

Figure 4.29. The seismic amplitude maps on the predicted horizon surfaces using our seeded

auto-tracking for the second field data.

Figures 4.30 and 4.31 show the examples of seismic sections from the direction of inline
and crossline, respectively. The interpretation results using our proposed method, seeded auto-
tracking and manual picking are represented by yellow, green and red curves, respectively. The
training data and training labels (seeds) are represented by white dots. Note that the seismic
horizons obtained by using our proposed method have a very good match with the ground truth,
while the seeded auto-tracking failed to follow the seismic horizons on the area of faults that
indicated by blue arrows. In addition, the second real data test demonstrate that my deep learning
model can be trained and further applied to 1D images with an arbitrary size. One key factor is
the number of layers for building the deep convolutional neural network architecture. We
obtained the best performance when the ratio between the size of the last layer and label number
is four. We suggest that the size of the last layer should be between two to three times larger than

the label number.

96



sooKg2Iéiifiil§3izg§§i§§§%£§fi§ijﬁg}i}%giiiifﬁ}%ﬁij}é@fii;_4-

2R

b 3
> 23 :
g E‘ E "Xy < 2 3
21700 . 2 5 ¢ >
o = 9 3 ).
5 2 > 83
= 2
233
-
: 1121 pe s RN
é 10 " 233859y & > SS
2600! 4334 E 238 3 B33
1000 1250 1500
CDP

800

>

gé“g éfisj;j};;;—_‘

FITFEEPEEE
e I s
i = «3“3}% e - = CNNbased
b j3 3 _‘AE;&‘ - ==ras el e :
: S o
1000 1250
Inline

Figure 4.31. The comparison on a crossline section of the second field data.
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CONCLUSIONS

We treat each seismic trace as a 1D image where the seismic horizon interpretation can
be viewed as the task of image segmentation. We use the encoder-decoder convolutional neural
network to successfully interpret the seismic horizons. The variable size of convolution kernel is
more preferable than the commonly used fixed size in dividing the seismic traces into different
segments where the boundaries of the segments are regarded as the horizons. We also designed a
two-step filters to remove the spikes and keep the faults with rapid change. Two field data
examples illustrate that our proposed method can produce accurate seismic horizons over the
whole seismic survey even if we have faults and unconformities within the seismic surveys. The
applications also demonstrate that our proposed method has comparable computation efficiency

over the manual horizon interpretation.
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CHAPTER 5
CONCLUSIONS

My dissertation illustrates that it is very promising to employ deep learning in assisting
seismic data processing and interpretation. Properly transfer the geoscience problem to objects
identification problem is the key to successfully apply deep learning in geoscience world.
Meanwhile, the applications demonstrates that post processing using geoscience knowledge is
necessary to further improve the accuracy. The main conclusions of this dissertation are

summarized as follows.

In Chapter 2, | transfer the first arrival picking problem into an image segmentation
problem and apply the pixel-wise convolutional method to address this problem. Most current
convolutional neural networks are using constant size of convolution filters. The application
demonstrate that the accuracy of predicted first arrival using constant size of convolution filters
are very low. | propose to use variable size of convolution filters to build the neural network
architecture. The comparison illustrates that using variable size of convolution filters has
successfully improve the accuracy of predicted first arrival. Recently, many automatic first
arrival picking methods have been proposed. However, those method are very hard to obtain the
accurate result in the really noisy environment. Both synthetic and real data applications
illustrate that our proposed method is superior to the traditional method of STA/LTA and can

save massive labor work than manual interpretation.

In Chapter 3, | propose a novel seismic noise attenuation method (VMD-MDnCNN) by

integrating our MDNCNN with VMD. Current CNN based denoising methods either require the
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label of clean seismic data or the label of noise contained in the seismic data. My method does
not require clean seismic label nor purely noise label. The applications demonstrate that the
white noise contained in the seismic can be simulated by enough user-generated white noise
realizations. In addition, the applications demonstrate that the MDnCNN can obtain a more
accurate estimation of the noise feature from the decomposed bandlimited seismic data. Both
synthetic and real seismic data applications illustrate that our method is superior to the traditional
denosing method of f-x deconvolution. The applications also demonstrate that our method not
only effectively reject the white noise but also the migration artifacts contained in the seismic

data.

In Chapter 4, | solved several challenges of using deep learning techniques for seismic
horizon interpretation. First, treat the seismic trace as a 1D image eliminates the effect of size of
seismic survey on the hierarchy building. Second, cropping the seismic traces into a constant size
reduce the effect of recording length on the hierarchy building. Third, using a downward-upward
trend size of convolution filters help to improve the prediction accuracy. Fourth, the built
hierarchy is universal and applicable to other horizon interpretation. Finally, post process with
the aid of geoscience knowledge is necessary to further improve the accuracy of horizon

interpretation.
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