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ABSTRACT

Passive seismic event locating with full waveform inversion and

machine learning methods

Hanchen Wang

One of the key goals of microseismic monitoring is the accurate estimation of the

source location. The accuracy of both P- and S-wave velocities strongly influences

the estimation of source locations and, hence, the fracture detection’s reliability. I use

advanced methodologies based on full waveform inversion methods to obtain accurate

P- and S- wave velocities and locate the source and its characteristics. I first use an

elastic FWI for passive source and velocity inversion, in which an equivalent source

represents the conventional source term of the elastic wave equation. Thus, I update

the source locations, source functions, and velocities simultaneously using a waveform

inversion scheme. Waveform inversion of passive events has severe nonlinearity due

to the unknown source locations in space and their functions in time. I, thus, use a

source-independent objective function based on convolving reference traces with both

modeled and observed data to avoid cycle skipping caused by the unknown sources.

I test the method on real microseismic monitoring data. Then, I extend the method

to a 3D acoustic orthorhombic case. I also analyze the relationship of the proposed

equivalent source term and the conventional elastic wave equation’s seismic moment

tensor source term. Besides, locating numerous microseismic events by solving wave

equations is computationally expensive, and manually picking all the event arrivals

is challenging. To address the issues without event picking or detection, I use a novel

artificial neural network framework to directly map seismic data to their potential

locations. I train two convolutional neural networks (CNN) on labeled synthetic
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acoustic data containing simulated micro-seismic events to fulfill such requirements.

At last, I use the developed convolutional neural network to predict the source location

for field micro-seismic monitoring data. I, especially, train the CNN with a large

amount of synthetically generated data and the extracted coherent noise from the

field data. The synthetic training data allow us to control the corresponding labels,

and the extracted noise from the field data and the pre-processing steps vastly reduce

the di↵erence between the field and the synthetic data.
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Chapter 1

Introduction

I start this section with a general introduction to hydraulic fracturing and microseis-

mic monitoring techniques. Then, I will review the history of microseismic monitoring

and conclude with a general overview of my dissertation. The section will summarize

the importance of accurately and e�ciently locating microseismic or passive events in

the oil and gas exploration field. The key issues considered in this dissertation, includ-

ing cycle skipping caused by unknown source origin time, simultaneous inversion of

the source term and velocity model, and e�cient automatic location of microseismic

events, are still challenges for a successful field passive source inversion. To address

these challenges, I use a source independent objective function to mitigate the un-

known source time cycle skipping problem, use an equivalent source term to enable

simultaneous inversion for source location in space and time and the velocity model,

and use machine learning techniques to reduce considerable computational cost and

human interaction. Thus, I first review conventional approaches to locate microseis-

mic events and machine learning applications in the passive seismic imaging field.

Then I show a general overview of my dissertation, including the physics-driven full

waveform inversion methods and the data-driven machine learning methods. How-

ever, there are no easy ways to solve the problems we are facing thoroughly, and

there are always new challenges existing when dealing with di↵erent seismic data.

Therefore, my dissertation research aims to find possible general solutions and design

specific implementations for typical seismic data. In the dissertation, I use synthetic

examples to verify the e↵ectiveness of the methods and use field data examples to
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show the methods’ potential in solving practical problems.

Background

Microseismic monitoring is a seismic technique that utilizes fracturing or induced

microseismic phenomena similar to global earthquakes. Both microseismic events

and global earthquakes are considered passive events due to their passive excitation

mechanism. However, such induced microseismic events are usually triggered with low

energy during hydraulic fracturing operations and used to monitor fracture develop-

ment in oil and gas productions to inform judgments regarding reservoir enhancement

and exploration of tight reservoirs [1]. Hydraulic fracturing, or fracking, is a drilling

production method used to extract petroleum (oil) or natural gas from the depths

of the Earth. In the hydraulic fracturing process, high-pressure water, chemicals,

and sand injection will lead to cracks in and below the Earth’s surface opening and

widening. Some unconventional resources are extracted through fracking because

these reservoirs are tightly trapped in dense shale rock formations.

The fracturing process often ignites a vast number of microseismic events [2]. These

microseismic event locations provide critical information to help the engineers monitor

the fracturing process and optimize the injection strategy [3]. Such key information,

like heights, lengths, orientations, geometries, and spatial arrangements of fractures

and faults produced during construction, can be used to optimize the injection pro-

cedure design, the well pattern, or other development measures and to improve the

recovery ratio, which is highly dependent on the fracturing operation performance.

Microseismic monitoring is a practical approach to monitoring the fracturing perfor-

mance in real-time by the determination of the induced microseismic event locations

[1].

Microseismic techniques can be used to not only detect the fluid flow in the oil and

gas production layer but also study fracture activity of natural earthquakes occurring
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near the fault zone. Microseismic technology is always used to monitor reservoir pro-

duction and operating results in oil and gas exploration and development to provide

evidence for optimizing reservoir management and tight reservoir exploration.

Usually, a monitoring system with geophones is temporally or permanently set in a

well or on the Earth’s surface to record the events continuously [4]. The locations of

a tremendous number of microseismic events are usually estimated from the records.

Hence, accurately locating microseismic events is vital to the hydraulic fracturing

process. However, detecting and locating all the events can be a challenging and

time-consuming task with conventional methods.

The most commonly used conventional ways to locate the sources with high compu-

tational e�ciency depend on inverting traveltime picks of both P-wave and S-wave

arrivals [5]. By utilizing the relative time delay of the two arrivals, and the simple

relationship between time, distance, and velocity, we can determine the distance of

a particular event from the recording position and draw a circle with a radius equal

to the distance. Any points on the circle can be considered as a potential event

location. With multiple receivers, if they have recorded the same event, the corre-

sponding intersection of the circles will be referred to as the event location. However,

traveltime-related methods are highly influenced by the picking precision, as they re-

quire manual e↵orts or automatic pickings by algorithms. Manual picking of arrivals,

unfortunately, can hardly be done accurately and e�ciently because the data su↵er

from low signal-to-noise (S/N) ratio [6, 7, 8].

Time-reversed imaging (TRI) technique, utilizing the wavefields, are often used in

the field [9, 10, 11, 12]. By back-propagating the recorded data from their receiver

locations to a given velocity model of the region of interest, guided by a wave equa-

tion, we are released from picking arrivals. An imaging condition is properly applied

to extract the source locations from the back-propagated wavefield, such as the max-

imum energy imaging condition [13, 14], the geometric mean imaging condition [15],
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and the maximum variance imaging condition [16]. Though TRI is free of manual

picking, especially when dealing with poor S/N data, it su↵ers from other draw-

backs. If only limited traces are available, TRI is not robust in accurately locating

the sources. Many studies were made to mitigate the issue of irregular and sparse

receivers [17, 18, 19, 20, 21, 10, 22, 23]. However, solving the wave equation is time-

consuming and expensive, especially when a huge number of events are recorded.

The di↵raction stack imaging (DSI) is also a popular point-source imaging method

based on computing a stacking function in a volume of interest, which assesses the

coherency of waveforms in space. The event location and origin time can then be

determined by the maximum value in the stack function [24].

Another category of microseismic imaging methods is based on full waveform inver-

sion (FWI) [25, 26, 27, 28, 29]. The inversion is also responsible for velocity model

building using a proper objective of data matching. Full waveform inversion is in-

strumental in building a high-resolution model for the subsurface [30]. Conventional

FWI attempts to minimize the di↵erence between waveforms of the simulated data

and those observed in the field. It, however, has challenges in its application to field

data, especially to passive seismic data. The di�culties can be summarized into two

main aspects, the insu�cient approximations of seismic wave propagation in the real

Earth and the often inaccurate initial conditions used for FWI. By incorporating more

physical phenomena (such as elasticity and anisotropy) in wavefield extrapolation, the

simulated wavefield has a better chance to represent the wave propagation in the real

Earth. Many studies have been published in the seismic exploration community to

find practical FWI strategies, among which building a good initial model attracts

the most interest. These studies can be divided into several categories: kinematic

initial model building methods such as migration velocity analysis (MVA) [31, 32]

and reflection-based full waveform inversion (RFWI) [33, 34, 35]; optimal objective

functions such as correlation-based objective functions [36, 37, 38, 39, 40, 41, 42] and
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adaptive waveform inversion (AWI) [43]; simplified representation of seismic data

such as the envelope representations [44, 45], optimal transport methods [46, 47] and

skeletonized inversions [48, 49]. In a passive seismic inversion, besides the initial ve-

locity model, the unknown source origin time is even more crucial because a tiny shift

in the source origin time will lead to a huge cycle skipping issue in the data.

On the other hand, to better estimate the wave propagation in the Earth, we have

to include more complicated physical features in the modeling. It means more model

parameters that describe these physical phenomena need to be inverted, which leads

to challenges in resolving parameters trade-o↵s and inversion non-linearity. Oil and

gas reservoirs are usually described as subsurface structures with su�cient porosity

and permeability, especially in shale gas and oil exploration, where water is manually

injected and microseismic events are triggered. Thus, descriptions of such a kind

of medium using anisotropic parameters are essential to microseismic event locat-

ing [3]. There are plenty of parameterization studies in anisotropic media, such as

transversely isotropic (TI) media [50], vertical transversely isotropic (VTI) symmetry

media [51, 52], tilted transversely isotropic (TTI) symmetry media [53, 54], and or-

thorhombic anisotropic media [55, 56, 57]. Ignoring such anisotropic e↵ect will lead

to inaccurate event locations in space, especially in the horizontal directions when

using a surface monitoring system. At last, source mechanism analysis is always im-

portant for passive seismic sources, as it describes the focal movement around the

source location. Studies in the microseismic monitoring field have addressed the issue

[58, 59].

Despite the high resolution of velocity models and accurate event locations, simi-

lar to TRI methods, the inversion-based methods require an even higher computa-

tional cost. In FWI theory, the gradients used to update the velocity model can

be calculated by cross-correlating the forward-propagated source wavefield, and the

back-propagated data residual adjoint wavefield [60, 61]. At least two wavefields are
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simulated for each event in every iteration, and hundreds of iterations are essential

for convergence. Thus, FWI usually demands numerous wave equation extrapolations

and Hessian matrix calculations, bringing huge computational costs. There are many

studies to address the high computational cost problems, such as source encoding

methods [62, 63, 64] and randomized source methods [65, 66, 67].

Machine learning has achieved significant progress in computer vision and natural

language processing in recent years. The most significant advantage of machine

learning methods to conventional methods is that they can be purely data-driven

and thus, can e�ciently predict the characteristics of a massive amount of recorded

data without human intervention. With the explosive development in computational

resources, utilizing machine learning to automatically detect, locate, and interpret

passive or microseismic events is gaining much attention. Human experts are respon-

sible for data preparation, network architecture designation, and hyper-parameter

fine-tuning. Many studies of machine learning methods in passive seismic event de-

tection were proposed recently [68, 69, 70, 71, 72]. These methods were aimed to de-

tect the microseismic events from the raw field monitoring data by training di↵erent

neural networks using synthetically generated data. After detection, the microseis-

mic events were inserted into conventional locating algorithms, which su↵ered from

the challenges mentioned above. Thus, several techniques were proposed to locate

earthquakes to avoid these challenges in conventional methods automatically. A con-

volutional neural network (CNN) was trained to be a classifier using more than 2000

induced microseismic events recorded by two stations to determine the source loca-

tions [73] in six regions. Another study also proposed to train a CNN using more than

2000 events from West Bohemia, recorded on nine local stations, to locate clustered

earthquakes. Recently, a convolutional network was used to predict the earthquakes

in Oklahoma with only 30 stations [74]. A Bayesian-based deep learning algorithm

was used to predict natural earthquakes, as well [75]. These approaches were designed
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for global scale earthquakes with endurance for significant location error.

Dissertation overview

The dissertation can be divided into two main topics: the physics-driven methods

based on full waveform inversion techniques and the data-driven methods based on

machine learning algorithms. The FWI based methods aim to locate passive events

accurately and simultaneously provide high-resolution subsurface model parameters.

The machine learning based methods aim to directly map recorded data to the cor-

responding source parameters while maintaining high accuracy.

In Chapters to , I demonstrate the developed FWI-based methods. I first extend

my previously published work [76] to the elastic medium by utilizing an elastic FWI

based method that separately updates the source term and the velocity model with

the help of a nested approach. By minimizing the L2-norm data misfit, the gradients

of each parameter are derived from the adjoint-state method [77] under a 2D case

assumption. I use a new equivalent source term incorporated into the conventional

elastic wave equation. It is inspired by the concept of equivalent sources of elastic

reflection waveform inversion [35, 78]. The new source expression contains separate

components of the source spatial and temporal information, named as the source im-

ages (�↵ and ��) and source functions ([wij]), respectively. The proposed modeling

can be considered as a post-stack exploding reflector modeling extended to elastic

media [79, 80].

A source independent FWI approach is used to update the velocity models to mitigate

the cycle skipping problem of the unknown source origin time. By inverting for all

these unknowns, the method used in the dissertation can provide accurate source es-

timation with initial velocity models despite the initial velocities being very di↵erent

from the true ones. Testing on a modified Marmousi model shows the e↵ectiveness

and accuracy of the used method. Then, applying my method on a field monitoring
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dataset highlights the features of inverting for source images, source functions, and

velocity models, iteratively, as opposed to the conventional moment tensor inversion,

which first requires locating the source correctly. As a quality control step, I illustrate

the performance of the introduced method by using the ball-drop events recorded dur-

ing the hydraulic fracture treatment since these events are generated at the ball seats

whose locations are known. Then I apply the method to all detected microseismic

events in the field monitoring data. After the 2D experiment, I extend the work from

the 2D case to a 3D acoustic orthorhombic anisotropic medium to better locate the

microseismic events by considering the anisotropic e↵ect caused by hydraulic fractur-

ing. Such anisotropy will lead to source location shifting in space. Thus, inverting

for the anisotropic parameters is essential. After that, I show the source mechanism

analysis under a 3D elastic condition by connecting the used source image equivalent

source term and the conventional seismic moment tensor equivalent source. It infers

that the physical meaning of the used equivalent source term is nothing but the seis-

mic moment tensor.

Besides the FWI based methods, I show my data-driven machine learning based meth-

ods in Chapters and . In Chapters , I train two CNNs using correlated P-wave data

as input. One network classifies the number of sources in the input data as a classi-

fication task, and the other network predicts the source locations, the source wavelet

peak frequencies, and the maximum amplitudes as a regression task. Once the CNNs

are well trained, they can be used for real-time micro-seismic events locations on

the raw monitored records. I first demonstrate the developed method on a synthetic

dataset generated with a simple V (z) model. I add random noise to the data to show

the noise sensitivity of the method. In real cases, I also face coherent noise, which

may challenge the implementation. Adding random noise with su�ciently high en-

ergy is an excellent way to analyze the robustness of the approach, as it is often done.

I then demonstrate the developed method on the Otway model using a more realistic
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experiment setup to show the approach’s e↵ectiveness in more realistic situations. A

moveout velocity analysis (MVA) version of the Otway model is used to generate the

training dataset, and the true model is used in generating the testing set. I also add

high levels of random noise to the datasets to show the robustness of the method.

Some researchers use synthetic data to train a neural network to identify faults in

seismic images and use it in real data [81]. At last, in Chapter , I show a field data

application of my machine learning mapping method by training a CNN using pro-

cessed P-wave synthetic data as input. The network predicts the event locations in

space as a regression task. I generate synthetic acoustic data with a given 3D P-wave

velocity model as my training and validation data. The given model is built from

well-log information and calibrated by perforation shots by an exploration company.

Two pre-processing methods are introduced in Chapter . The first method is a semi-

synthetic method that I add the recorded noise extracted from the field records to

the training and validation data to mitigate the di↵erence between the synthetic and

field data. The other pre-processing method is based on convolving the training data

with auto-correlated field testing data. I also add weak white noise to the synthetic

data as a data augmentation step. Once the network performs su�ciently on the

synthetic testing data, I test the network performance on the field data. Finally, I

compare my network predicted results with an existing study on the same data [82].

Objectives and contributions

The main objective of this dissertation is to develop advanced methods to locate

passive sources in more accurate and e�cient ways, based on FWI and machine

learning methods. The methods can be applied to not only microseismic monitoring

problems for exploration purposes, but also global earthquakes problems for hazard

monitoring purposes.

The contributions of this dissertation fold in the following streams.
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• Introducing the source independent objective function to passive seismic inver-

sion: The source independent objective function is implemented to cancel the cycle

skipping caused by unknown source origin time. Thus, it reduces the non-linearity of

the FWI convergence and enables the update of model parameters.

• Introducing a new equivalent source term: The introduced equivalent source

term decouples the source spatial and temporal components. Thus, it allows us

to update the velocity models, source images, and time functions simultaneously

under an FWI scheme. The source images indicate the source spatial distribution in

di↵erent model parameters, such as Vp, Vs, and anisotropic parameters. The source

time functions describe the source origin time. The updated model parameters allow

for more accurate event locations.

• Application of the developed 2D elastic passive source inversion to field micro-

seismic monitoring data: The field data application shows the research is practical

when dealing with real problems. Although the data is a single-well monitoring

record with poor spatial sampling, with the developed FWI method, the results are

convincing compared to a prior study of the same area.

• Introducing a simultaneous inversion strategy for the passive source location,

wavelet, and the acoustic orthorhombic parameters in a 3D FWI scheme: Considering

the anisotropic parameters in the FWI algorithm greatly reduces the uncertainty and

inaccuracy in passive source locations.

• Analyzing the relationship between the 3D elastic source images and the seismic

moment tensors: The analysis shows the physical meaning of the introduced equiva-

lent source term. It is nothing but the source mechanisms as the conventional seismic

moment tensor.

• Directly mapping the recorded passive data to its source parameters using CNNs:

Training with synthetic data allows for complete control of the labels. Using the pre-

processing steps correlating data with its reference trace, I greatly reduce the data
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size and free us from event detection. Furthermore, I mitigate the di↵erence between

synthetic training and field testing data using semi-synthetic and convolution auto-

correlation-based strategies.

• Application of the machine learning method to field microseismic monitoring

data: The field data application shows the e↵ectiveness of the studied machine learn-

ing methods and the potential real-time e�cient application to microseismic moni-

toring.

Novelty of the dissertation

• The FWI-based research in the dissertation is the first study on introducing an

FWI approach that includes the simultaneous inversion of the source spatial location,

origin time, and velocity model. The method admits more accurate velocity models

using the FWI scheme applied to passive seismic data.

• The ML-based methods in the dissertation provide a potential solution to deal

with field microseismic monitoring data. The proposed approach directly converts

the raw records from the field to the crucial source information, with no need for

conventional event detection or data processing steps. Thus, the trained networks

provide an e�cient real-time solution for field monitoring.

• Both the FWI- and ML-based methods in the dissertation provide field data

application examples. Such field data examples demonstrate the industrial application

potential of the methods, which is the ultimate goal of any exploration geophysics

research. Thus, the e↵ectiveness of the proposed methods on the two field data sets

supports the importance of the novelty introduced here.
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Chapter 2

Regularized Elastic Passive Equivalent Source Inversion with

Full Waveform Inversion: Application to a Field Monitoring

Microseismic Dataset

In this chapter, I will introduce a passive source locating and inversion method, which

is based on a full waveform inversion scheme. The method allows me to localize the

passive sources accurately in space and time by updating the velocity model using

a source independent objective function. Furthermore, the method uses a nested

approach to simultaneously update the source images, source time functions, and

velocities. The content in the chapter refers to publications [29, 83, 84].

Introduction

There has been an explosive growth of research in passive seismicity because hydraulic

fracturing has been a common technique in unconventional gas and oil fields, espe-

cially prevalent in reservoirs with dense rocks such as shale. The microseismic events

are generated naturally or manually by hydraulic stimulation [2]. High-pressure con-

ditions caused by hydraulic injections crack the dense rock and generate pathways for

oil and gas to flow. Such procedures can induce small-magnitude earthquakes, which

are known as microseismic events. The location of microseismic events is typically

interpreted as the fracture region. The fracturing image is typically shown as a cluster

of dots representing the source locations of those microseismic events. The accuracy

of the fracturing image highly depends on the quality of the estimated passive source
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locations. Therefore, accurate methods to locate these events are critical for guiding

the hydraulic process [3].

Previous studies have shown that many factors can influence the location estimation

[5, 85, 86]. The velocity accuracy is one of the important factors. Due to the trade-o↵

between the source location and the velocity model, velocity errors could mislead the

source location estimation.

A widely used technique to build the velocity model is to interpret a 1D velocity

model through the well-log information and then calibrate the velocity model by per-

foration shots [87, 88, 89]. Such techniques use the traveltime information to build

a 1D approximation of the true velocity model. Manual picking of arrivals, however,

can hardly be done accurately because the data usually has low signal-to-noise (S/N)

ratio [6, 7, 8].

An alternative option is to use a time-reversed imaging (TRI) technique to focus the

recorded microseismic signal energy to the source location [9, 10, 11, 12]. TRI requires

less human interaction, and it allows for higher accuracy by utilizing the waveform

information. One can back-propagate recorded seismograms and use a proper imag-

ing condition, such as the maximum energy imaging condition [13, 14], the geometric

mean imaging condition [15] and maximum variance imaging condition [16], to ex-

tract the source location. One advantage of TRI is that it does not require manual

picking, especially when dealing with poor S/N data. If a dense and uniform acqui-

sition system is available, the wavefield will focus on the correct source locations. If

only limited traces are available, TRI is not a robust method to accurately locate the

sources. Many advanced strategies are proposed to mitigate the issue of irregular and

sparse receivers [17, 18, 19, 20, 21, 10, 22, 23].

All imaging methods using TRI to locate microseismic sources su↵er from a misfit

between the true velocity model and the one used for the back-propagation, leading

to misfocused spatial images. However, some techniques, such as migration velocity
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analysis (MVA) [90, 91, 92], can be introduced to improve the TRI robustness.

Some other approaches, like full waveform inversion (FWI) based methods [93, 94,

25, 95, 27], make it possible to update the microseismic source locations and velocity

models by minimizing the di↵erences between the observed and modeled data. The

resulting source location is what we refer to as the inverted source location. However,

these existing FWI methods focus on the acoustic case and require a good initial

velocity model to mitigate the cycle skipping problem caused by the unknown source

onsets, which may be a limitation in practice. My previous work used a source inde-

pendent objective function in microseismic waveform inversion to mitigate the cycle

skipping problem caused by unknown onsets [76]. However, the method ignores the

elastic e↵ects in the real world, which may cause artifacts in source images.

I extend my previous work [76] to the elastic medium by utilizing an elastic FWI

based method that separately updates the source term and the velocity model with

the help of a nested approach. By minimizing the L2-norm data misfit, the gradients

of each parameter are derived from the adjoint-state method [77] under a 2D case

assumption. We propose to use a new equivalent source term incorporated into the

conventional elastic wave equation. It is inspired by the concept of equivalent sources

of elastic reflection waveform inversion [35, 78]. The new source expression contains

separate components of the source spatial and temporal information, named as the

source images (�↵ and ��) and source functions ([wij]), respectively. The modeling

can be considered as a post-stack exploding reflector modeling extended to elastic

media [79, 80]. A source independent FWI approach is used to update the velocity

models to mitigate the cycle skipping problem of the unknown source origin time.

By inverting for all these unknowns, my method can provide accurate source esti-

mation with initial velocity models, despite the initial velocities being very di↵erent

from the true ones. Testing on a modified Marmousi model shows the e↵ectiveness

and accuracy of the used method. Then, applying my method on a field monitoring
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dataset highlights the features of inverting for source images, source functions, and

velocity models, iteratively, as opposed to the conventional moment tensor inversion,

which requires first locating the source correctly. I first illustrate the performance of

the introduced method by using the ball-drop events recorded during the hydraulic

fracture treatment since these events are generated at the ball-seats whose locations

are known. Then I apply the method to all detected microseismic events in the field

monitoring data.

The equivalent source term in elastic passive source case

The passive equivalent source

Full waveform inversion is highly nonlinear, especially under the elastic assumption,

due to the complexity of wave propagation in the subsurface medium. Reflection full

waveform inversion (RFWI) is one way to reduce such nonlinearity by splitting the

model estimation into low-wavenumber components, which control the kinematics,

and high-wavenumber scatters [96, 97, 98].

In the isotropic, constant density case, elastic wave propagation satisfies the following

wave equation:

⇢ü = f+ (�+ 2µ)r (r · u)� µr⇥ (r⇥ u) , (1)

where u is the elastic displacement wavefield, � and µ are Lamé constants; the density,

⇢, is considered constant here and f is the source term.

In isotropic cases, P- and S-wave velocities (denoted by Vp andVs, respectively) can

be defined as

V
2
p = ↵ =

�+ 2µ

⇢
andV 2

s = � =
µ

⇢
. (2)

It is assumed that the model parameters can be separated into two parts,

↵ = ↵0 +�↵ and � = �0 +��, (3)
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where ↵0 and �0 are the low-wavenumber (background) parts; �↵ and �� are the

perturbations of the Vp and Vs velocities, respectively. The total wavefield u can then

be split into two parts correspondingly,

u = u0 + �u, (4)

where u0 is the wavefield propagating in the background medium, and �u is the

scattered wavefield controlled by the model perturbations. In my 2D implementation,

I denote the horizontal direction as the X axis and the vertical direction as the Z

axis. Then the perturbations in stress tensor (�⌧) can be derived, following Hooke’s

law, as

�⌧xx = (↵0 +�↵)
@�ux

@x
+ (↵0 +�↵� 2�0 � 2��)

@�uz

@z
+ e⌧xx;

�⌧zz = (↵0 +�↵� 2�0 � 2��)
@�ux

@x
+ (↵0 +�↵)

@�uz

@z
+ e⌧zz;

�⌧xz = (�0 +��)

✓
@�ux

@z
+

@�uz

@x

◆
+ e⌧xz,

(5)

where e⌧ij is described as

e⌧xx = �↵

✓
@ux

@x
+

@uz

@z

◆
� 2��

@uz

@z
;

e⌧zz = �↵

✓
@ux

@x
+

@uz

@z

◆
� 2��

@ux

@x
;

e⌧xz = ��

✓
@ux

@z
+

@uz

@x

◆
.

(6)

These stress components are injected into the system of equation 5 as equivalent

sources to produce the reflected waves at the model perturbations, which is a de-

migration procedure. The de-migration requires estimation of the scatter image (per-

turbation) and the incident wavefield at the scatter points as source wavelets [35, 99].

We borrow these concepts from the derivation of elastic reflection waveform inversion

(ERWI). Passive sources are naturally buried deeply in the subsurface, which can
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be considered a single scatter image point in the de-migration procedure. We now

consider the passive source mechanism in the form of the equivalent source, which

produces the passive seismic events.

The equivalent source in the passive seismic case is now a combination of source im-

ages (�↵ and ��), which correspond to a single scatter for de-migration in ERWI,

and source functions ([wij]), which is equal to the wavefield at the scatter position

in ERWI. Thus, it is an alternative representation of the source mechanism to the

classic seismic moment tensor.

Now, we rewrite the source term on the RHS of equation 1 by the passive equivalent

source term:

fi = @j⌧
0
ij, (7)

where ⌧ 0ij is the equivalent source term determined by the source spatial and temporal

components. In the 2D case, each component of tensor ⌧ 0ij can be written as:

⌧
0
11 = �↵ (w11 + w22)� 2��w22;

⌧
0
22 = �↵ (w11 + w22)� 2��w11;

⌧
0
12 = ⌧

0
21 = �� (w12 + w21) .

(8)

�↵ and �� are denoted as source images and [wij] is the multi-component source time

function, which has no dependency on spatial coordinates. By comparing equations 6

and 8, I find that these stress tensors have the same expression as the back-propagated

wavefield (back-propagation of the recorded data from the receiver locations) replaced

by [wij], which means @ux
@x is replaced by w11,

@uz
@z is replaced by w22, and

@ux
@z and @uz

@x

are replaced by w12 and w21, respectively. Note that in ERWI, �↵ and �� represent

the model perturbations (or the scatter image), and the back-propagated wavefield

u is needed at each model point. In the microseismic scenario, �↵ and �� represent

the actual microseismic sources distribution, which may also be considered as the
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perturbations of P- and S-wave velocities, respectively, but they only have values at

the source position and [wij] represent the source time function at the source location.

Later I will estimate [wij] by back-propagating the wavefields to this source position.

Thus, the source position information xs and the source mechanism description M

are embedded into the same terms, source images.

Gradients of the source images and the source function

Considering the observed data d(xr, t) from the passive events, I estimate the sources

by solving an optimization problem with the misfit given by

E (m) =
1

2

Z
ku (xr, t;m)� d (xr, t)k22 dt, (9)

with respect to the source images (�↵ and ��), and the source function ([wij]), where

u(xr, t;m) is the predicted data determined by the current parameters, including �↵,

��, wij and cijkl, and recorded by the receivers at xr. �↵ and �� can be obtained

iteratively using the corresponding gradients:

r�↵E = �
Z

t

dt (w11 + w22)

✓
@bux

@x
+

@buz

@z

◆
, (10)

r��E = �
Z

t

dt 2w11
@bux

@x
+ 2w22

@buz

@z
+ (w12 + w21)(

@bux

@z
+

@buz

@x
), (11)

where û is the adjoint wavefield with respect to the corresponding passive source.

Here, �↵ and �� are the source images representing the source mechanism in a more

compact way, in comparison to the moment tensor.

Although I can update the velocity and source function independently, I prefer to
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apply a simultaneous inversion to obtain a more accurate estimate:

rEw11 =

Z

x

Z

z

dxdz�↵

✓
@bux

@x
+

@buz

@z

◆
� 2��

@buz

@z
;

rEw22 =

Z

x

Z

z

dxdz �↵

✓
@bux

@x
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@buz

@z

◆
� 2��

@bux

@x
;

rEw12/21
=

Z

x

Z

z

dxdz ��

✓
@bux

@z
+

@buz

@x

◆
.

(12)

More details on the gradient derivations are provided in Appendix A.

Regularized passive source images inversion

Equations 10 and 11 show the gradients of the source images, but using the source

images directly to update the velocity could be a problem since the source images

are often noisy in passive seismic cases. Ideally, the energy should focus on the true

source location. However, because of the inaccurate velocities and incorrect wavelet,

the source images are not focused. Therefore, it will further lead to errors in the

updates. The misfocused energy causes these errors in the source images as they act

as sources and introduce artifacts into the modeled data as I iterate. Since I do not

have accurate enough initial velocities and source wavelets, it is impossible to focus

all the energy on the true source location. To mitigate this issue, I suppress the

unwanted energy and constrain the energy distribution to the source location, where

the maximum energy point determines the source location in the source image.

After each iteration, I add a focusing function as regularization to the source images

to suppress the misfocused energy. I minimize the following objective function J with

respect to image I, which is the desired focused source image:

J = kI � I0k2 + 

�����
X

x

|x� xs|2 I

�����

2

, (13)
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where I0 is the source image (either �↵ or ��) at the current iteration, I is the source

image after regularization,  is a weighting factor for the focusing function, and it is

dependent on the artifact level. Obviously a larger  (e.g, 5 to 10) will give higher

weight to the second term and a smaller  (e.g, 0.1 to 0.5) will emphasize the first

term. I use higher  in the first few iterations and decrease  values with iterations

as I start to trust the source images more in the later iterations. x is the spatial

coordinates in the model space, and xs is the spatial coordinates of the focusing

position given by predicted source location for the current iteration, which can be

calculated as:

xs =

P
x I0(x)

2xP
x I0(x)

2
. (14)

The above objective function is constructed for �↵ or �� separately. More commonly,

�↵ and �� share a similar spatial distribution and if they show any mismatch in

space, I define as the average of the two xs as the source location for the current

iteration. Let the derivative of the objective function J be zero, I then obtain the

analytic solution for equation 13,

@J

@I
= 2 (I � I0) + 2 |x� xs|2 I = 0

) I =
I0

1 +  |x� xs|2
.

(15)

I use a split approach to focus the source images. At each iteration, I calculate the

regularized source images I and use it as the input source image for the next iteration.

For comparison, the �� of an example event with and without the focusing function

are shown in Figure 1.
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(a)

(b)

Figure 1: �� of an example event without (a) and with (b) the focusing function. 15
receivers are used given by the red line location.
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These images are inverted from the field monitoring microseismic data of a poorly

covered acquisition system, with only 15 receivers on the left boundary. I can see the

di↵erence between the two images in which the focusing function greatly suppresses

the misfocused energy, and mainly the energy at the source location is kept. The

misfocused energy will lead to erratic updates of velocities and source functions.

With the help of the focusing function, I obtain clearer and more stable updates.

Note that this focusing penalty function is useful when the source image is imperfect.

In such situations, I tend to emphasize the source location rather than the source type.

The focusing function will also suppress some useful information around the source

location used to describe the source type. Due to the poor illumination provided

by the acquisition system, I cannot recover the source mechanism from the source

images. Sacrificing such information to make the algorithm more stable seems to

be a good choice for this particular problem. If the acquisition is good enough to

recover the source mechanism, I may decrease the weighting factor  or remove this

regularization term at later iterations.

Velocity update with the source-independent inversion

In conventional FWI, we update the velocity models by minimizing the L2-norm data

misfit function, shown in equation 9. The gradients for ↵ and �, in this case, can be

written, respectively as:

r↵E = �
Z

t

dt(
@ux

@x
+

@uz

@z
)(
@ûx

@x
+

@ûz

@z
); (16)

r�E = �
Z

t

dt(2
@ux

@x

@ûx

@x
) + (2

@uz

@z

@ûz

@z
) + (

@ux

@z
+

@uz

@x
)(
@ûx

@z
+

@ûz

@x
). (17)

For passive seismic inversion, the initial estimate of the source terms usually is far

from the actual ones, for both the spatial and temporal components, and especially

the unknown origin time. Directly using the initial source function in the inversion is
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not acceptable because a small shift in the origin time leads to critical cycle skipping in

the data. To avoid this potential problem, we propose to use a convolution objective

function [100], which is reasonably independent of the source function by eliminating

the e↵ect of the unknown source time. In this case, the objective function, along with

the total variation term as a regularization, is given by:

Eindp (m) =
1

2

Z
ku ⇤ dref � d ⇤ urefk22 dt+ �

s
@m

@x

2

+
@m

@z

2

+ ✏2, (18)

where dref and uref represent reference traces in both observed and modeled data,

respectively. � is a weighting factor, and ✏ is a smoothing factor. The symbol ⇤

represents the convolution operator. In practice, I choose a near-o↵set trace, which is

the deepest receiver trace in my specific dataset, in both the observed and modeled

data to be the reference trace. The aim of adding the total variation regularization to

the objective function is to smooth the velocity updates. Although the total variation

term makes the gradients blocky, I still can get smoother updates with a larger ✏. In

my implementation, � = 0.25 at the first iteration and I linearly decrease it with

iterations to zero. The velocity model could be far from the true one in the early

iterations so I use a larger weighting factor. As I update the models, the velocities

are more reliable so I use a smaller weighting factor. ✏ is set to 1% of the model

summation over space through the whole inversion since it is large enough to smooth

the gradients. In this new objective function, the true source function is in both

terms, equally; this means that the e↵ect of the delay in the source time function w

is mitigated. I no longer need to know the true source origin time. The gradient of the

convolution objective function is calculated by taking the derivative of equation 18
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with respect to the model parameters, m. The gradient can then be written as:

@Eindp

@m
=

✓
@ui

@m
⇤ dref

◆
· r(1)i �

✓
di ⇤

@uref

@m

◆
· r(2)i

�
+ �r ·

0

@ rmq
@m
@x

2
+ @m

@z

2
+ ✏2

1

A ,

(19)

where i represent the i� th trace. Thus, the gradient involves calculating the adjoint

wavefields using the following adjoint sources:

r(1)i = dref

O
(ui (xr, t) ⇤ dref � di ⇤ uref (xref , t)) , (20)

r(2)i = �di

O
(ui (xr, t) ⇤ dref � di ⇤ uref (xref , t)) , (21)

at the i
th receiver positions and the reference trace position, respectively, where

N

is the cross-correlation operator. The two cross-correlated seismograms are back-

propagated at the same time in order to reduce the computational cost (equivalent

to FWI).

More details on the gradient derivations are provided in Appendix B.

The inversion is implemented using a nested approach, i.e. (1) inverting for �↵ and

�� using equations 10 and 11 for five iterations; (2) inverting for ↵ and � using equa-

tion 19 with the adjoint sources equations 20 and 21 for 10 iterations; (3) updating

w using equation 12 for five iterations. I repeat the above steps until convergence is

achieved. I start the inversion by estimating the source images using the TRI in the

used method, because the first iteration of my inversion is equivalent to TRI with the

initial velocity models.

It is in the nature of multi-parameter FWI methods to encounter cross-talk between

the di↵erent parameters, which in the method are the source locations and the ve-

locity models. Therefore, to mitigate the cross-talk between di↵erent parameters, I

need to choose the optimization scheme carefully.
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A synthetic data example

I test the method using a modified Marmousi model, which is shown in Figures 2 (a)

and (b).

(a) (b)

(c) (d)

(e) (f)

Figure 2: True (a) Vp and (b) Vs; initial (c) Vp and (d) Vs; inverted (e) Vp and (f)
Vs. Magenta lines refer to the receivers; magenta arrows point to the low Vs velocity
zone; black dot refers to the example source location.

The S-wave velocity is modified by adding a half-circled low-velocity layer (repre-

senting the hydraulic injected area) pointed out by the magenta arrow in the figures.

Five sources are separately triggered at a depth of 1.55km and located horizontally

from 2.4 to 3.2km with a 200m interval. The model has 600 ⇤ 200 grid points with a

10m spatial interval, in both X and Z directions. Each grid point on the top surface

acts as a receiver (marked by magenta lines). 100 additional receivers are set in a ver-

tical well from (X = 1, Z = 0.5km) to (X = 1, Z = 1.5km) with a 10m interval. The



41

true source function is given by a Ricker wavelet with a 10Hz peak frequency. Note

that the frequency band below 3Hz has been filtered out. The initial velocity model

is obtained by strongly smoothing the true model and adding a 10% error (slower

velocity), which makes it almost linearly increasing with depth, as shown in Figures

2 (c) and (d). In some aspects, this initial velocity model, due to the 10% deviation,

is worse than what is often used as an initial linear increasing velocity to start the in-

version. Note that the initial S-wave velocity does not contain the hydraulic injected

area information. I record 5000 time samples with a 1ms temporal interval. A free

surface condition is applied to the top boundary, and absorbing boundary conditions

are applied to the other three boundaries. No noise is added to the data. In this

experiment, sources are triggered separately, which means I can separate the events

from each other in the continuous record. This is closer to what we expect in the real

world.

The inputs needed to start the inversion iterations are an initial velocity model, an

initial source function, and initial source images. The starting source images are zero

everywhere (�↵ = �� = 0). In other words, no prior information on the spatial source

distribution is given. The initial source time function is obtained by TRI by sim-

ply back-propagating the complete record into the initial model, and subsequently

extracting the wavefield along the time axis at the maximum energy point in the

wavefield domain. With these initial conditions, I then start the inversion, updating

the source images, the velocity model, and the source function iteratively until the

data residual is su�ciently small.

Our inversion strategy has been described in the previous section, which includes five

iterations of source image update, ten iterations of velocity update, and five iterations

of [wij] update. The weighting factor � of the total variation regularization term de-

creases with the outer loop iteration number, starting with 0.5 and decreasing linearly

to 0.05 when reaching the last iteration. A larger � at the beginning of the inversion
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process helps stabilize the inversion due to the unreliable nature of the initial veloc-

ity. Smaller � at the end makes the gradient with respect to the velocity focus more

on the high wavenumber information instead of only the smooth background. The

smoothing factor ✏ is set to 5% of the maximum value of the total variation term at

the current iteration so that the output of the TV term is su�ciently smooth instead

of being blocky when ✏ is small. A fixed step-length (0.05km/s for Vp and 0.03km/s

for Vs) for updating velocities is applied through the whole inversion. I use a reason-

ably small step length, so the inversion is stable. The weighting factor  of the source

image regularization term is set to be 10 in the first iteration and decreases to 0.1 at

the end.

Results and discussions

The inverted velocity models are shown in Figures 2 (e) and (f). The models gener-

ally exhibit low resolution, reflecting the peak frequency of the data and the limited

illumination with only five nearby sources. The microseismic events are buried in

the earth, and the receivers are on the earth’s surface and in a single well. Most

of the energy in the observed data is transmission waves. In FWI, reflection waves

update the high wavenumber parts of the model, whereas transmissions update the

low wavenumber parts. Therefore, the gradients for the velocity updates are mostly

focused on the smooth background. Unlike the conventional surface survey having

enough sources covering the entire survey area, microseismic sources are close to each

other, meaning that only certain areas can be illuminated properly by the records,

especially when multi-scattering energy is weak. This causes tremendous di�culties

in adequately updating the whole model area. Although I can obtain much better

updates by simply exciting sources in a wider area so that the data cover a larger

region, I stick to this experiment setup because it is more realistic, as it reflects what

happens in hydraulic fracturing. As a result, I can only obtain accurate (smooth)
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results for the kinematic components of the inversion. A quality control (QC) of the

inverted velocity models is performed by comparing the vertical Vp and Vs profiles

at position X = 3.0km, as shown in Figure 3. The initial velocities are averagely

lower than the true ones. For Vs, no hydraulic injected area is shown at a depth

around 1.3km. After the inversion, I see that the velocity values are generally pulled

upward, and the hydraulic injected area (low-velocity zone) in Vs is also well inverted.

Certainly, the inverted velocities are more kinematically accurate.
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(a)

(b)

Figure 3: Velocity profiles at X = 3km of (a) Vp and (b) Vs. Magenta: true; blue:
initial; red: inverted.
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Although the inverted velocity models are imperfect, they are good enough for

locating the microseismic sources in space since they are still kinematically accurate.

The inverted source images of one example source, which is an explosive point source,

are shown in Figure 4. I can extract the source location from the source images by

simply choosing the maximum energy point in the source image. Since most of the en-

ergy is focused, although the remaining data misfit probably causes some misfocused

energy, it is reasonable to consider the maximum energy point as the source location.

For comparison, the source locations of the first iteration (equivalent to TRI loca-

tions) are represented by the red dots in the figures, and the blue dots represent the

true source locations. I find that both �↵ and �� focus the energy of the source to the

accurate location, while the initial (TRI) locations are wrong due to the velocity error.
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(a)

(b)

Figure 4: Inverted source images (a) �↵ (b) ��. Blue dot: true source location; red
dot: initial source location.

Each component of the inverted source time function of the same source is shown

in Figure 5. I can find that the initial wavelets (blue) are shifted by more than one

cycle from the true ones (magenta), which will lead to a cycle skipping problem in

conventional FWI. By using the method, I find that the inverted wavelets (red) are

well recovered, although there are some small artifacts in w11 and w22, caused by the

remaining misfits. The more important fact is that the origin time of the microseis-

mic source has been well inverted as the peaks of the inverted wavelets overlap the

true ones. The inverted amplitude of the w12 component is small enough compared

to the other two components to ignore. The amplitudes of the source time functions

were not well inverted due to the convolution operation in the source independent

objective function.
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(a)

(b)

(c)

Figure 5: Source function comparisons for (a) w11, (b) w22, (c) w12. Magenta, red
and blue colors refer to the true, inverted and initial time functions, respectively.
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The computational cost for each iteration of the used method is equivalent to a

standard full waveform inversion iteration. However, since I have three parameters

to invert and tens of iterations of update, the total cost is still challenging.

For the field data with a low S/N ratio, I may need good pre-processing of the data

to enhance the signal energy to obtain the subsurface’s kinematic features.

Field data example

I now focus my attention on the main contribution here, which is the application to

field data. The real dataset is collected during hydraulic fracture treatment. It was

recorded in a vertical monitoring well with only 15 three-component geophones. The

depth of the geophones starts from 2.443km to 2.673km. The distance between the

geophones is uneven, either 10m or 20m. Figure 6 shows the survey geometry.

Figure 6: Monitoring system geometry (red) and ball-drop event locations (blue).

We have been provided a total of 67 detected events from the same injection

stage, including the ball-drop event for this stage whose ball-seat location is known

(as pointed out in Figure 6). The corresponding ball seat is 0.6736km laterally away

from the recording well, and the depth of the ball seat is 2.7016km, which is also
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the expected depth of the uncontrolled events. Note that the depth covered by the

receivers is only about one-third of its distance from the treatment well, which means

that the illumination aperture is quite limited in this experiment. The perforation

shot is not used because it is fired in a third well before the hydraulic fracturing, so

the velocity model inverted using this event cannot account for the velocity changes

caused by the stimulation. Moreover, the S-wave arrivals of the perforation shot are

too weak to be observed due to the compressional source mechanism. Thus, I cannot

use them to invert for the S-wave velocities. [101] is the first to work with the data,

and their insights were helpful.

Ball-drop event inversion

The sleeves or fracports were activated by dropping or injecting di↵erent-sized balls

into the well to control the di↵erent injection stages. Balls fit into a corresponding

sized seat at a target point in the well. Once seated, the balls block flow and increase

back pressure that pushes open a sleeve/fracport, and at the same time, generate

the ball-drop events. The ball-drop seismic signals are high in amplitude, low in fre-

quency, with multiple discrete events with each event located at the fracport [102].

The spatial locations of these events are known, which I can utilize as quality control

for the introduced method.

Since it is a single monitoring well system, there is not enough information to directly

invert the 3D locations of the sources. Therefore, I have to deal with the problem

as a 2D one, which means I first need to locate the event directly from the well and

then use a plane that crosses the monitoring well and the event to represent my 2D

medium. Before I start the inversion, I define the 2D plane in space by estimating

the direction of the events and rotate the data from north-east-depth (NEZ) coordi-

nates to the corresponding plane coordinates. I first rotate the data and then define

the true rotation angle whenever the P-wave energy in the R component reaches its
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maximum because P-wave vibrates in the same direction as its propagation, and its

energy should be maximum along the vibration direction. Once I determine the rota-

tion angle for one event, I collapse the 3D problem into a 2D one. In the 2D plane,

I define only the horizontal distance to the receivers and the depth to determine the

spatial location of the event.

Figure 7 shows the raw data of the ball-drop event for the stage and the R and T

components after rotation. The ball-seats are in a pipe, which is perpendicular to the

receiver well, and this leads to no SV waves in the Z component but only SH waves

in the horizontal components. As a result, I have to use the R and T components

instead of the R and Z components in the inversion, which means I treat SH waves as

SV waves. It is possible since my focus is mainly on transmission waves. Therefore,

the seismic radiation characteristics of ball-drop events are consistent with an axial

displacement along the treatment well [102].

Figure 7: Ball-drop event for QC before (left) and after (right) the rotation. Every
15 traces represent one component of the data with (N) North, (E) East, (Z) vertical
(R) propagation (T) perpendicular to propagation directions.

To implement the inversion, I start with homogeneous models Vp = 3.3km/s and

Vs = 1.9km/s as the initial velocities. I have been provided a 1D Vp model from the
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previous study of this dataset [103], but I simply choose to start from a lower-accuracy

initial model, the homogeneous background velocities, as a test to the robustness of

my inversion. The model has 400-by-225 grid points with a 2m spatial interval in both

the X and Z directions. The data have 3501 time samples with a 0.3ms sampling

interval. The receivers are located at X = 0, Z = 2443m to 2673m. The original data

have reasonably high frequencies (Figure 8), ranging from 30Hz to 300Hz, which poses

a cycle skipping and computational challenge for FWI. I use a multi-stage strategy

in my implementation, i.e., I start with lower frequencies and gradually add higher

frequencies into the inversion in later iterations. Though the lowest frequency of the

data is already very high (30Hz), using a multi-stage strategy may help further miti-

gate the cycle skipping problem. As a comparison, surface surveys usually have low

frequencies down to 3Hz. An absorbing boundary condition is assumed on all four

boundaries. Attenuation may exist because of the higher frequency components of

the data. However, since I am focused on the inversion of the phase component of the

wave, I ignore attenuation. The monitoring well is not far away from the injection

area, and the dispersion e↵ect is small enough to be ignored.
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Figure 8: The average frequency spectrum of all the traces in the provided data. The
frequency band is 30� 300Hz. The main frequency is around 50Hz.

The starting source images �↵, and �� are set to zero everywhere. I treat it as a

normal passive source inversion. In other words, no prior information of the source

spatial distribution is used. Using the time-reversed method, I obtain the initial

source function w by extracting the wavefield corresponding to the maximum energy

point in the space of the reversed wavefield. The reference trace corresponds to the

deepest receiver trace since it is expected to be the closest to the source.

I stop the inversion after 38 nested iterations because the convergence curve, shown

in Figure 9, simply does not decrease after that. The inverted velocities are shown in

Figure 10.
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Figure 9: The normalized L-2 norm data misfit convergence curve of the ball-drop
event inversion.
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(a)

(b)

Figure 10: Inverted Vp (a) and Vs (b) for the ball-drop event inversion. Yellow dot:
shot location; red line: receiver positions.
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The results generally have a low resolution because the updates are smeared over

mainly the direct wavepath from the ball-drop source location to the receivers on the

left boundary. With the help of the total variation regularization, we can see the hor-

izontal low-velocity zones in both Vp and Vs at a depth around 2.7km, which indicates

the injection zone. Because the injection well is a horizontal well at the same depth

(around 2.7km), we can expect this low-velocity feature. The inverted velocities show

rather low resolution, mainly because the updated zone is dominated by transmis-

sion waves. Most of the energy in the observed data corresponds to transmissions. In

FWI, reflections update the high wavenumber parts of the model, while transmissions

update the low wavenumber parts [104]. On the other hand, if the scattered waves

had strong enough energy, I can invert for higher resolution information [105]. In this

chapter, multi-scattering is beyond the scope, so the velocities’ gradients are focused

on the smooth background.

The inverted source images are shown in Figure 11. With the help of the focusing

regularization term, the energy is well focused at the ball seat location (overlapped

with the true source location). The inverted source coordinates xs, calculated using

the focusing function, is (0.67km,2.71km), which is fairly close to the true ball-seat lo-

cation (0.6736km,2.7016km). However, the ball-drop event location (0.53km,2.61km)

at the first iteration (equivalent to TRI with the first iteration velocity models) is

quite far away from the true ball-seat location.
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(a)

(b)

Figure 11: Inverted source images �↵ (a) and �� (b) for the ball-drop event. The
true ball-drop event location is marked by the yellow dot. The ball-drop location at
the first iteration is marked by the blue dot. The receiver locations are the same as
shown in Figure 10(a).

The data comparison between the initial, the true, and the modeled data is shown

in Figure 12, with the R and T components given from the left and right side, respec-
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tively. I may find that the events are matched in the time axis with almost the same

moveout, while the initial data are shifted in time and di↵erent in shape compared

to the real data. The remaining data misfit corresponds mainly to amplitude di↵er-

ences because the convolution operation in the source independent objective function

ignores the true amplitude information in the data.

Figure 12: Data comparison of the R (a-c) and T (d-f) components. The initial (a),
(c) vs. true (b), (e) vs. inverted (c), (f).

Considering the lack of data and the extremely limited aperture (about 1 : 3

between receiver range and the source distance), we find the results show reasonably

good resolution and accurate source position.

In real data tests, I do not know the true source origin time, making it impossible

to judge the accuracy of the source time function. On the other hand, the source

independent method makes the origin time information less significant because I do

not rely on the wavelets to update the velocities. Thus, I simply choose not to show

the inverted source wavelets though I update the source wavelets for every single

source in each iteration. Although I assume the source time functions are the same
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at every point on the estimated source image. In real cases, specifically, the extreme

case when the source time function varies a lot as a function of location, I may face a

problem. Ideally, the source images would focus on a single point like a delta function.

In this case, the source function is non-zero only at the source image point position

and zero everywhere else. Under this assumption, I may use the same source time

function throughout the whole source image.

Inversion of uncontrolled passive events

After verifying the robustness of my method in locating the source using the ball-

drop event, I apply the same inversion strategy to other uncontrolled passive events,

with the same inversion strategy as the ball-drop event since it passed my QC test.

The events are separated from each other in time, which means I treat the events

separately to avoid cross-talk. In addition, my source focusing step cannot handle

multi-events, simultaneously. If more than one event overlaps, the inverted sources

may focus on the wrong location because all source image points share the same

source function in the equivalent source term. Di↵erent sources are expected to have

di↵erent source functions due to their di↵erent source onsets but inverting the events

together with the same source function is not practical. Most detected events in this

experiment are distinguishable in time. Thus, I may apply the method to such data.

I start the inversion with the homogeneous initial model I used for the ball-drop

event. The initial source image is again set to zero, and the initial source function

is obtained by the TRI technique, which is the wavefield reversal in time to the

maximum amplitude position in the back-propagated wavefield.

Two examples of the inverted source images are shown in Figure 13. The initial

source positions are marked by the blue dots. I find that the inverted locations are

quite di↵erent from the initial ones. The shift distances are more than 0.15km on

average. After inverting for all events in the stage, I use the rotation angles and
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source images, which contain the horizontal distance and depth information for each

event, to generate the 3D locations of the passive sources.

(a) (b)

(c) (d)

Figure 13: The inverted source images (a), (b) �↵ and (c), (d) �� of two example
events, (a), (c) refer to the first and (b), (d) refers to the second event. The first
iteration source locations are shown as blue dots. The final inverted source locations
are shown as yellow dots. The receiver locations are the same as shown in Figure
10(a).

From the map of the microseismic event locations, shown in Figure 14, it is a

clear distribution trend of the passive sources from northwest to southeast. This ob-

servation has been confirmed by the previous study of the local stress state of the

principal horizontal stress in this area, which is oriented in the same direction, shown

as the magenta arrow direction in Figure 14(a). The results show that the injection

treatment-induced fractures and cracks along the existing stress direction. I also find
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more events on the east side of the treatment well, which means more events are

detected in the region between the treatment and the monitoring well. It is mainly

because the monitoring well is on the same side as the treatment. Therefore, more

events on the east side can be detected.
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(a)

(b)

Figure 14: North-East map (a) and depth-North map (b) of the inverted source
positions (blue dots), receivers (red) and the injection well (green). The suggested
local stress direction is marked by the magenta arrow. The QC ball-drop event is
marked by the yellow dot.

I then build the 3D velocity models by interpolating all the inverted 2D velocity
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sections along angles, shown in Figure 15. After the interpolation, the 3D model

is shown in Figure 16. Note that the low-velocity zone in Vs, which indicates the

injection area, matches the treatment well location.
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Figure 15: A top view of the 3D velocity model interpolation region (blue area) from
the inverted velocity sections indicated by the black lines.
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(a)

(b)

Figure 16: The 3D velocity model for Vp (a) & Vs (b) after interpolation. Red line:
receiver well; green boxes: injection treatment location.

Though the used method can produce the source locations, source time functions,

and the velocity model, a big limitation of the used method is the computational
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cost. I use an eight-core workstation for the real data test, and the computational

time for each iteration with all the sources is about 1.5 hours. It may require higher

computational power when more sources are included in the inversion. A much better

result is expected if I have more illumination provided by wider aperture data. I may

face a failure in the inversion if the initial values are too far from the true ones, which is

a problem with most inversions. In applying the method for a 3D inversion, the biggest

challenge will be the data coverage and the computational cost. Besides, high-quality

data with a reasonably high S/N ratio would often be needed. Additional study in

the future will hopefully reveal the limits on the initial values for the inversion, or in

other words, the boundaries of the basin of attraction [106].

Conclusions

In this chapter, We proposed to use a new equivalent seismic source for passive events,

using a similar approach and framework to those used in reflection waveform inversion.

We successfully separate the temporal and spatial components of a passive source

and inverted both of them, along with the velocity model. In my method, the new

equivalent source term describes the source mechanism through the source images,

which, unfortunately, are sensitive to the acquisition aperture, and thus, may impact

the quality of the inverted result. To mitigate the passive seismic limitation of an

unknown source time, a source wavelet independent objective function is utilized

by simply convolving the recorded and modeled data with a reference trace, through

which the necessity of a source onset information is loosened. As a result, the inverted

source images and velocities yield reasonably good results on one stage of a field

monitoring dataset despite the poor initial model. Furthermore, the used free-of-

picking method successfully finds the source location of the previously known ball-

drop event, which is used to verify the method’s accuracy and build a reasonably

accurate velocity model.
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Chapter 3

3D Acoustic Orthorhombic Anisotropic Passive Source

Inversion and 3D Elastic Source Mechanism Analysis

In the previous chapter, we witnessed the performance of a 2D passive seismic elas-

tic FWI method and its field data application. However, the method assumed the

subsurface medium to be isotropic, which is an assumption not usually satisfied in

real cases. Fractures may create anisotropic e↵ects that we cannot ignore, and such

anisotropic e↵ects will lead to location errors. In this chapter, I will extend the 2D

full waveform inversion method introduced in Chapter to a 3D acoustic orthorhom-

bic anisotropic medium to a better source inversion by considering anisotropic e↵ects.

The content in the chapter refers to publications [107, 108].

Introduction

Most existing FWI methods for microseismic localization, such as the method used

in Chapter , assume the Earth to be isotropic and treat the problem in a 2D plane.

It reduces the computational cost by simplifying the true Earth (3D and anisotropic)

but at the same time introduces inaccuracies in locating passive events in complex

regions. However, the fluid injection during a hydraulic fracturing process will crack

the dense rocks in the reservoir, and these fractures developing in all directions will

introduce strong anisotropic e↵ects in the injection zone. Ignoring such anisotropic

e↵ects will be harmful to microseismic event locating. Thus, I here consider the

anisotropic parameters in the FWI scheme.
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In this chapter, I use a 3D orthorhombic anisotropic FWI method to update the

source’s spatial and temporal information. I also use the source independent FWI

approach to update the anisotropic parameters of the model in order to describe the

anisotropy in the medium better. In the meantime, it overcomes the di�culty of the

unknown passive source onset times. Finally, I show the e↵ectiveness of the used

method with a synthetic test on the orthorhombic SEG/EAGE overthrust model.

Theory

Acoustic wave propagation in a constant density 3D orthorhombic medium obeys the

following wave equation [109]
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where P is the pressure field in the frequency domain at location (x, y, z), S(!) is the

source term. The coe�cients can be written in terms of orthorhombic parameters
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The acoustic approximation is useful when only a single component or pressure record-

ing is available, which is the case most of the time. The anisotropic parameters are

defined in detail in [109]. To derive the sensitivity of the data to perturbations in

the model parameters (the Born approximation), I define the perturbations rmi as

mi = mi0(1 + rmi), where mi denotes any model parameter and the subscript 0 de-

notes the smooth background version of it. To derive the radiation patterns for any
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parameterization, one can write the scattered field as follows

Ps = !
6

Z
Gs(xs,x,!)Gr(xr,x,!)ai(x) · ri(x)dx, (24)

where Gs and Gr are the Green’s functions from the source and receiver sides, re-

spectively, ri and ai are the chosen parameters and their corresponding radiation

patterns.

In passive source inversion, the inversion for the unknown source images is simi-

lar to the inversion for a single scatter in RWI. The estimation of the anisotropic

parameters is obviously essential. In this study, we chose the parameterization

(vn1 , ⌘1, �1, ⌘d, �d, �3), where vn1 is the normal moveout (NMO) velocity in [x2, x3]

plane, ⌘1, �1 are the anisotropic parameters defined in [110] and [109] in [x2, x3]

plane, and ⌘d, �d are the deviation parameters defined in the forms of [111]:

⌘d =
⌘2 � ⌘1

1 + 2⌘1
, �d =

�2 � �1

1 + 2�1
. (25)

Figure 17 shows the radiation patterns for the used parameterization as a function of

the passive wavepath transmission angle ✓ calculated from the vertical direction for

di↵erent azimuth angles. I may find the sensitivity of �1 is zero for all azimuth angles.

It is attributed to the trade-o↵ between velocity and source depth, which is unresolv-

able for the anisotropic case. I merge the influence of �1 into the velocity. All the

other parameters show no sensitivity to zero ✓. It is expected because the transmis-

sion from a passive source to the Earth’s surface in the vertical direction (zero o↵set),

due to the unknown source depth, does not contain low wavenumber information.

The only way to resolve the velocity and other orthorhombic parameters is to use

multi-receivers. Larger o↵sets will lead to better illumination of the long-wavelength

⌘1 and �d, while �3 requires large o↵sets in the intermediate azimuths. Moreover,
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note the weak scattering potential of �3. It indicates that �3 has little influence on

the data recorded on the surface. Since these parameters share similar sensitivity

to intermediate and large transmission angles, there will be trade-o↵s between these

parameters, which may be mitigated by a multi-stage inversion strategy. Besides the

radiation patterns for the parameterization I have used, the radiation patterns for

a di↵erent set of parameters, (vn1 , ⌘1, �1, ⌘d, ✏d, �3), where ✏d is defined as ✏d = ✏2�✏1
1+2✏1

.

Compared to this parameterization, the used parameterization is better because the

far o↵set sensitivity for vn1 and ⌘1 is repeated at the 90 degrees azimuth with �d

and ⌘d. After resolving Vn1 and ⌘1 in the VTI case, the parameters �d and ⌘d share

the same behavior with the azimuth variation, while in the mid azimuth, �3 may be

resolved.
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Figure 17: (a-e) Radiation patterns of (vn1 , ⌘1, �1, ⌘d, �d, �3), as a function of trans-
mission angle ✓ for various azimuths �, and the radiation pattern for a 45 (f)and 90
(g) degrees transmission angles as a function of azimuth.

Considering observed data of the passive events on the Earth’s surface (or in a

well), I can devise an iterative inversion by defining the optimization problem based

on the classic least-square minimization of data misfit with respect to the source

term and the model parameters. I separate the source term into the dot product

of a source image (indicating the source spatial information) and a source function

(temporal information). Simultaneously, I invert the source image, source function,

and model parameters. Due to the unknown source onset time, I face the prospect of

cycle skipping. To avoid this problem, I utilize a convolution objective function [100],

which is reasonably source function independent. The gradients for each parameter
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may be found in [112] and the gradients for any other parameters may be easily

derived by applying the chain rule.

Considering a large number of parameters involved here and the potential for trade-o↵,

I use a multi-stage inversion strategy [113]. In the first stage, an isotropic inversion

is applied to recover the vn1 ; in the second stage, I focus on the VTI parameters,

⌘1 and �1; at last, the three remaining parameters are included in the inversion,

along with the VTI parameters. This strategy aims that most of the complexity of

this nonlinear inversion is handled in the first stage, followed by inverting for the

azimuthal independent VTI parameters.

Numerical examples

I present a synthetic test on a modified version of the SEG/EAGE orthorhombic over-

thrust model, shown in Figure 18. The model is 8 ⇤ 6 ⇤ 4km in the X, Y, Z directions,

respectively. The model is discretized by a 25m grid interval in all three dimensions.

For the observed data, I considered 60 sources distributed in the blue box area shown

in the vn1 model in Figure 18, which is rather a small area reflecting a reservoir. The

nature of the source distribution leads to limited illumination in the model, which

is a challenge for any FWI. I record the data on the Earth’s surface with every grid

point at the Z = 0km plane acting as a receiver. I invert data filtered between 2Hz

to 24Hz. The starting model is generated by strongly smoothing the true model with

a 40 ⇤ 40 ⇤ 40m Gaussian window, except for that the initial �3 is set to zero because

it is di�cult to estimate its value before the inversion.
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(a) (b)

(c) (d)

(e) (f)

Figure 18: The true parameters for vn1 , ⌘1, �1, ⌘d, �d, �3, respectively.

I use the previously mentioned multi-stage model inversion strategy: updating

first the isotropic model given by vn1 with a frequency band up to 8Hz, then the
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VTI model by including ⌘1 and �1 with frequencies up to 16Hz, and finally the or-

thorhombic model by including ⌘d, �d and �3 with frequencies up to 24Hz data. In

each stage, I update the parameters by 20 iterations. I calculate the source image

and the source function for each iteration with the model parameters for the current

iteration using a nested approach. This inversion strategy takes advantage of the

practical parameterization that allows for a continuity in the transmission potential

of the model parameters as I move from higher symmetry anisotropy to lower ones.
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(a) (b)

(c) (d)

(e) (f)

Figure 19: The inverted parameters for vn1 , ⌘1, �1, ⌘d, �d, �3, respectively.

Figure 19 shows the final inverted results of all the parameters. My inversion

strategy shows a quite well recovered NMO velocity considering the limited illumi-
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nation. The two thin reflectors in the upper part around 1km depth are accurately

inverted. ⌘1 shows lower resolution in the low transmission angle region and higher

resolution in the large transmission angle region in which ⌘1 has higher sensitivity to

the data. Although the resolution of ⌘1 is very limited, I still succeeded in inverting

the anticline structure above the sources and the thin layers to the right of the anti-

cline. �1 shows low energy in the inverted results, which is expected since �1 has no

sensitivity to the data. The gradient of �1 may have some leakage from other param-

eters, which leads to the small update of it. ⌘d captures the azimuth variation in the

velocity at large angles. The inverted �d is also smooth and expected to experience

some trade-o↵ with ⌘d, but seemingly its resolution is more focused on the shallow

part. �3 captures some information in both X and Y directions as its sensitivity is

focused around the mid azimuth direction 45 degrees. Some boundary artifacts can

be seen on both the left and right sides of the inverted results, mainly caused by the

model edge limited illumination.
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(c)

Figure 20: (a) Initial shots. (b) True shots. (c) Inverted shots.

Figures 20(a) to (c) show two sample shot gathers comparison between the initial,
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true, and inverted ones, respectively. I note that the initial phases are cycle skipped

from the true ones, while after the inversion, the early arrivals (transmissions) match

well to the true ones. As I mentioned above, we often rely on transmission energy

in passive seismic as scattering energy is weak. Nevertheless, I managed also to

match some of the scattered energy, which probably yielded the higher resolution

information.

(a)

S20 S30

(b)

Figure 21: (a) Convergence curve with horizontal axis: iteration number; vertical
axis: normalized data misfit. (b) Inverted source images with axis the same as the
model axis in Figure 19.

Figure 21(a) shows the convergence curve of the normalized data misfit function

at di↵erent stages. After the 3-stage inversion, the total misfit reduces to 9.5%, which
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is quite good if we consider the poor illumination of the passive sources. The rapid

decrease of the misfit in stages 1 and 2 show that the VTI parameters are better

recovered. In stage 3, the curve does not decrease, indicating that the orthorhombic

parameters have a reduced influence on the data. In Figure 21(b), two examples of

inverted source images are shown. I may find most of the energy is well focused at the

accurate locations (shown by the red lines), which means the model parameters are

well recovered. There are some artifacts around the sources. The three-event nature

of the source reflects the three early arrivals in my data, which indicates that some

high-resolution information (reflectivity) in my model has leaked to my source image.

I may further focus the energy by adding regularization terms or using other norm

objective functions, such as the L1-norm.

Conclusions

In this chapter, we proposed to use an approach to invert the source spatial, tempo-

ral components and the anisotropic model parameters that describe an orthorhombic

anisotropic acoustic medium using recorded passive seismic data on the Earth’s sur-

face. To mitigate the role of the source wavelet, which is usually inaccurate in shape

or time due to inaccuracies in model parameters, we utilize an alternative objective

function based on the convolution of my recorded traces with a reference trace. A

multi-stage inversion for the anisotropic parameters, with the proper parametriza-

tion, yielded convergent results for the modified 3D orthorhombic SEG/EAGE model

despite starting with crude initial conditions.
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Chapter 4

3D Elastic Passive Source Inversion with an Equivalent

Source

In Chapters and , I mainly focused on the microseismic event locating and the

velocity model updating problems. However, the equivalent source term has not

been explained physically, which is also important to microseismic monitoring. The

physical explanation of the source term may provide more information on passive

sources, for example, the source mechanisms. In this chapter, I will discuss the

physical meaning of the introduced equivalent source term in Chapter . The analysis

method used in the following chapter mainly considers the relationship between the

conventional seismic moment tensors and the introduced source images and functions.

The content in the chapter refers to publication [114].

Introduction

Besides the distribution of events in space, the seismic moment tensor (SMT) dis-

tribution of such events may create new dimensions in understanding the injection

process as it directly represents the source strain. It is similar to the fault-plane

solution used in earthquake seismology [115]. The properties of the SMT allow us to

use the deformation information to identify the state of stress in the process and the

potential failure planes. Therefore, we can better determine the underlying fracture

geometries.

The full SMT, especially for microseismicity induced by hydraulic fracturing or other
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injection treatments, can be used to identify the volumetric failure mechanisms of

events. We can divide the SMT into three di↵erent types: double-couple (DC),

isotropic (i.e., explosive or implosive), and compensated linear vector dipole (CLVD)

source types (i.e., a crack opening or closure). However, inverting for the correct

SMT is usually di�cult due to its sensitivity to the model misfit between the true

Earth and the one used for numerical modeling. A more practical way is to estimate a

good enough velocity model and then invert for the moment tensor. Although many

studies on the velocity model estimation [26] have been carried out, there is still an

issue that we do not have enough information to simultaneously invert for the velocity

model, the source location, and the SMT.

In this chapter, I will discuss the 3D equivalent source term that allows us to update

the spatial (source images) and the temporal (source functions) information of the

source by a gradient-based elastic full waveform inversion (FWI) method, which is

introduced in a 2D problem in Chapter . In this way, I may simultaneously invert

the velocity model, the source location, and the mechanism used to be described by

SMT. Synthetic examples are shown to describe the relationship between the equiv-

alent source term and the SMT represented source mechanism.

Theory

The elastic wave propagation in a 3D medium satisfies the following wave equation

assuming a constant density case:
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where u is the elastic vector wavefield with components, ui, cijkl are components of the

elastic tensor, and fi is the force term, which can be replaced by an equivalent source

term in the passive case, such that the force term becomes fi = r · �m : w, where
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�m = [�↵, ��] is the Vp (�↵) and Vs (��) model perturbations around the source or the

source images that represent the source spatial location, w is the multi components

source function, and 0 :0 is the double inner product operator. This decomposition

of the source assumes that the time and space dependency are decoupled. Thus,

I can invert for the source location, source time function, and the velocity model,

simultaneously. I focus here on the inversion of the source image and the source

function and then analyze the representation of the SMT by the used equivalent

source term.

Source images inversion

Considering the observed data of the passive events on the Earth surface (or in a

well), We can devise an iterative solution by minimizing the L-2 norm data misfit

between the observed data u and the modeled data d,

E =
1

2
||u(xr, t)� d(xr, t)||2 (27)

with respect to the source images (�↵ & ��) and the source functions (w). �↵ and

�� can be obtained by the following equations iteratively:
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where û is the adjoint wavefield. Here �↵ and �� are the source images, which

represents the source mechanism in a more compact way compared to the moment

tensor. The source image not only shows the event location by its focusing position,
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but also show the wave propagation trend around the source by the image structure.

In order to fully represent the SMT, I can also invert for other cijkl components as

source images. SMT has 6 independent components and I need more than �↵ and

�� to represent the source mechanism. I here choose the VTI parameters, and the

gradients can be written as:

@E

@c1111
= �

Z

t

w11 ·
@ bu1

@x1
+ w22 ·

@ bu2

@x2
dt;

@E

@c3333
= �

Z

t

w33 ·
@ bu3

@x3
dt;

@E

@c2323
= �

Z

t

w13 ·
@ bu1

@x3
+ w23 ·

@ bu2

@x3
dt;

@E

@c1212
= �

Z

t

w12 ·
@ bu1

@x2
+ w21 ·

@ bu2

@x1
dt;

@E

@c1133
= �

Z

t

w11 ·
@ bu3

@x3
+ w22 ·

@ bu3

@x3
dt.

(30)

Thus, the source images [cijkl, �↵, ��] will show di↵erent structures. Combining these

identifiable images, I may determine the source type.

Source functions inversion

By minimizing the same objective function, equation 27, the gradients for the source

functions wij can be written as

rEw = �
Z

x

dxr · ( @
2

@t2
�r · (m : r))�1(u� d) : �m, (31)

which corresponds to the data misfit being back-propagated to the source location

described by �m. The gradient of each component (Mij) of the SMT is:

rEMij = �
Z

t

@ bui

@xj
|xs · S(T � t)dt, (32)
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where i&j = 1, 2, 3, xs is the source coordinate, S(T � t) is the time reversed source

function. If I compare equations 31 and 32, the only di↵erence is the integration

over time. Note that �m is equivalent to x
s under the high frequency assumption. It

reveals that wij(T � t) is equivalent to Mij · S(T � t) at the source location. Thus,

once I have obtained the correct wij, I have the correct SMT.

Examples

I first present a synthetic test under an ideal recording geometry in a homogeneous

medium in which the receivers are placed on all boundary grid points, and sources

with di↵erent source types are ignited separately in the middle of the model. The true

sources are given by SMT source terms, and I invert for the source images/functions

to represent the di↵erent source types. The correct velocity model and the correct

wij are considered to be provided to the inversion. The inverted source images of

an isotropic source (non-zero components: M11 = M22 = M33 = �1), a DC source

(M11 = 1,M22 = �1) and a CLVD source (M11 = �1,M33 = 1) have been shown in

Figures 22 to 24, respectively.
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Figure 22: The inverted source images for an isotropic source under an ideal case.
Sub-figures from top left to bottom right represent �↵, ��, c1111, c3333, c2323, c1212, c1133,
respectively. The inverted wij matrix integrated over time is shown as the last figure.
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Figure 23: Same as Figure 22 for a DC source under an ideal case.
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Figure 24: Same as Figure 22 for a CLVD source under an ideal case.

I may identify the source types by examining the structure of the focused source

image. For example, in Figure 22, the isotropic source �↵&�� show symmetry in all

directions because the gradients contain information in all directions equally, and the

image structures show the trend of wave propagation. c1111, c3333&c1133 show only

symmetry in the x� y plane and di↵erent shapes along the z direction because their

gradients contain only either the horizontal components of wij (c1111, c3333) or the

vertical component of wij (c1133). The c2323, c1212 images of an isotropic source are

zeros because the partial di↵erential adjoint wavefield terms in the gradients are zeros.

The source images of a DC source show completely di↵erent features in which only

��&c1111 are non-zeros. Besides, the source images show very di↵erent shapes and

symmetry axis to that in Figure 22. Similar observation can be attributed to the

CLVD images that ��, c1111&c3333 are non-zeros and the source signature is di↵erent.
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Thus, I may conclude that the source image combinations can uniquely determine

the source type in such an ideal recording case.

To test the method in a more realistic case, I also show the inverted source images

in the SEG Overthrust model, shown in Figure 25. The inverted velocity model

is calculated using a source independent approach [100]. The receivers are placed

only on the Earth’s surface. A free surface boundary condition is used for the top

surface, and an absorbing boundary condition is used for all the other surfaces. The

same sources are ignited in the middle. In such a case, the source images of di↵erent

parameters are less identifiable along the horizontal direction and more sensitive to

the vertical components. This is reasonable since the receivers are only on the top

surface, and no data is recorded on the vertical planes. Although the shape di↵erences

of the three source types are not as big as that of the ideal case, I still can tell the

di↵erences between them, which reveal the corresponding source mechanism.

Next, I test the source function inversion with the same ideal and realistic setups.

I assume the true source image (spatial location) is given in the ideal case while

only the inverted �� is given in the realistic case. The inverted results are shown in

the last sub-figures of each result in Figures 22 to 28. I find that in the ideal case,

the integrated wij over time is the same as the corresponding moment tensor. Each

component of wij after the integration matches the value of the same component in the

SMT used for the forward modeling. However, the results in the realistic case are not

as good as the ideal case, especially the last column and last row, which is related to

the z component. That is simply because of the receiver geometry, as I lose some data

sensitivity along the z direction. Besides the z related components, the value of the

wij matrix components may be flipped compared to the corresponding moment tensor

because of the dependency on the inverted �� value. I may combine the inversions

of the source images and functions to better describe the source mechanism by the

introduced equivalent source term.
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(a)

(b)

Figure 25: The true Vp (a) and the inverted Vp (b). Vs is set to be 1p
3
of Vp.
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Figure 26: Same as Figure 22 for a isotropic source under an real case.
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Figure 27: Same as Figure 22 for a DC source under an real case.
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Figure 28: Same as Figure 22 for a CLVD source under an real case.

Conclusions

In this chapter, we proposed to use an equivalent source term that separates the

source into the source images in space and the source functions in time, which allows

us to invert for the velocity model, the source location and function, simultaneously

in an elastic medium using surface recorded passive seismic events. The introduced

equivalent source can represent the source mechanism under an ideal receiver geom-

etry. In a more realistic experiment setup, the combination of the source images and

functions can represent the moment tensor. The synthetic results of a homogeneous

model and an Overthrust model have shown the e↵ectiveness of the method.



91

Chapter 5

Direct Microseismic Event Location and Characterization

from Passive Seismic Data Using Convolutional Neural

Networks

In the previous chapters, I have introduced some advanced microseismic event lo-

cation and inversion methods based on FWI. The FWI methods provide accurate

microseismic event locations and high-resolution velocity models in the region of in-

terest. However, the computational cost of an FWI method is high due to numerous

times of solving the wave equations iteratively. Thus, in the following two chap-

ters, I will introduce machine learning methods to e�ciently and accurately map the

recorded microseismic seismograms to the event locations without solving the partial

di↵erential equations. The content in the chapter refers to publications [116, 117].

Introduction

During the monitoring of the fracturing, thousands of microseismic events are often

recorded. Locating all these events can be a challenging and time-consuming task.

With the significant advances in computational resources, utilizing machine learning

algorithms to detect, locate and interpret passive events automatically are gaining

much attention. Human experts are responsible for preparing the training data, de-

signing the algorithm’s architecture, and finding the right set of hyper-parameters.

Once the networks are well trained, they are purely automatic without human inter-

actions. They do not require wavefield simulations, and thus they vastly reduce the
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human and computational costs while maintaining high accuracy in locating events.

Most studies in passive seismic data using machine learning methods are focused on

microseismic event detection [68, 69, 70, 71, 72]. These methods aim to detect the

microseismic events from the raw field monitoring data by training di↵erent neural

networks using synthetic generated data. After detection, the microseismic events

are inserted into conventional microseismic locating algorithms, which su↵er from the

challenges above. As a result, several techniques have already been proposed to locate

earthquakes automatically. For example, a convolutional neural network (CNN) is

trained using more than two thousand human-induced microseismic events recorded

by two stations to classify the source locations roughly into six regions [73]. Some

researchers also trained a CNN using more than two thousand events from West Bo-

hemia, recorded on nine local stations, to locate clustered earthquakes precisely [118].

Recently, a study suggested using a fully convolutional network to predict the earth-

quakes in Oklahoma with only 30 stations [74]. Some others used a Bayesian-based

deep learning algorithm to predict natural earthquakes. These papers are designed

for global scale earthquakes with endurance for significant error [75].

In this chapter, I train two CNNs using correlated P-wave data as input. One network

classifies the number of sources in the input data as a classification task. The other

network predicts the source locations, the source wavelet peak frequencies, and the

maximum amplitudes as a regression task. Once the CNNs are well trained, they can

be used for real-time micro-seismic events locations on the raw monitored records.

I first demonstrate the developed method on a synthetic dataset generated with a

simple V (z) model. I add random noise to the data to show the noise sensitivity of

the method. In real cases, I also face coherent noise, which may challenge the im-

plementation. Adding random noise with su�ciently high energy is an excellent way

to analyze the robustness of the approach, as it is often done. I then demonstrate

the developed method on the Otway model using a more realistic experiment setup
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to show the approach’s e↵ectiveness in more realistic situations. A moveout velocity

analysis (MVA) version of the Otway model is used to generate the training dataset,

and the true model is used in generating the testing set. I also add high levels of ran-

dom noise to the datasets to show the robustness of the method. Some researchers

use synthetic data to train a neural network to identify faults in seismic images and

use it in real data [81]. I may further test the developed method with field data in

the next step while staying with this Otway model test in this paper.

Compared to what has been done in NN microseismic detection and location in the

past, in this study: (1) I map raw recorded waveforms directly to the desired passive

source parameters. (2) To do so practically, I use a correlation operation that helps

us reduce long waveform segments to tiny windows of data. (3) I use a novel two

neural network configurations, one for classification and the other for regression, to

perform the mapping.

Method

First, I will review deep convolutional neural networks as I relate them to my objec-

tive. I follow that by setting up the inputs and outputs of my network. Finally, I

discuss the training process.

Deep convolutional neural network

Machine learning (ML) is a branch of artificial intelligence (AI) that imitates the

workings of the communication nodes in biological systems in processing data and

creating patterns to use in decision making. An artificial neural network is a net-

work or circuit of artificial neurons or nodes for solving AI problems [119]. Artificial

neurons are represented as weights in the matrix of a network. A positive weight

models an excitatory connection between biological neurons, while negative values

mean inhibitory connections. All inputs are modified by weight and summed. This
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activity is referred to as a linear combination. Finally, an activation function is ap-

plied to bring non-linearity to the model and control the output’s amplitude. Deep

learning is a subset of machine learning using multi-layers networks capable of super-

vised (or unsupervised) learning from labeled (or unlabeled) data. In recent years,

with the development in computing resources, deep learning attracted more and more

attention due to its better performance in solving ML problems. Deep learning uses

multiple layers to extract higher-level features from the raw input progressively. For

example, in image processing, shallower layers may identify edges, while deeper ones

may identify the concepts relevant to a human, such as digits, letters, or faces [120].

The convolutional neural network is most commonly applied to analyzing visual im-

agery [121, 122]. The central concept behind deep CNNs is that the neural network

connection is given by a convolution process in at least one of the layers [123]. The

critical operation is given by a critical filter convolved with the input to capture the

local features of the data corresponding to the filter size. The architecture of CNN

is often driven by the application. I describe here the form I used in my application

for both classification and regression. The output values of the convolutional layers

are passed through an activation function to control the output value range and often

down pooled by a max-pooling layer. The down-pooled data are fed to the next con-

volutional layer to extract more global features. After passing all the convolutional

layers, the output values are often flattened to be fed to fully connected layers to gen-

erate the final predictions for the current epoch. Using the predictions, I can calculate

a proper loss value between the predictions and the labels and then back-propagate

the loss to train the network with a certain learning rate. The training process over

su�cient epochs allows for good convergence, and the network will eventually learn

the relation between the input data and their corresponding output labels. Then I

can use the trained network to predict the labels of other similar featured data not

involved in the training.
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The neural network inputs and outputs

In micro-seismic experiments, the data recorded from the field are incredibly long,

sometimes extending for days, weeks, or even months. There could be thousands

of events hiding inside the record. Conventional pre-processing of the data includes

splitting the data into several segments corresponding to the detected events. For

many events, the pre-processing could consume much time and a high computational

cost. I process the raw data by cutting it into several equal segments along the time

axis, preferably containing three events or fewer for this study. When handling real

data that I expect to have more events, I may further train the network with training

data that contains more events. I here focus on showing the potential of this method.

I pick a reference trace from every segment and correlate it with all the traces in the

segment using:

D(x, ⌧) = dref (t) ⇤ d(x, t), (33)

where d(x, t) is the data segment, dref is the chosen reference trace from the data

segment, ⇤ is the correlation operation and ⌧ is the lag of the correlation operation.

The data before and after the correlation are shown in Figure 29.
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Figure 29: Data before and after the correlation operation.

Note that the single event in this segment is set to approximately zero lag after

the correlation operation. Thus, I can represent the data segment with a smaller time

window around the zero time lag regardless of the number of events in the segment.

In this way, I may reduce the CNN input data size. Only cross-correlation cross-talk

will have large time lags. Although, in this case, the events that might be separated

in time may overlap in the cross-correlation, I still can train the network to learn

to identify each of them. In other words, I may significantly reduce the raw record

from several hours long to less than one second, which is a significant saving. In such

a case, there might be more events recorded and correlated in the same input file.

Thus, I may need to train the neural network with training data containing more

than one event before using it. Besides, I treat all the data segments the same way

without detecting the events, which reduces manual interaction. Note that the whole

pre-processing is automated. I use such correlated data with a short time lag window

as the input data to the network.

The output labels of the network contain all the corresponding source information,
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including the event locations in 2D (X & Z), the source wavelet peak frequencies (F ),

the amplitudes (A), and the number of the sources in the segment (N). I choose to

train the network by predicting such output labels because they have their signatures

in the input data. For example, the location X coordinate information is driven by

the event apex horizontal position in the recorded data; Z is defined mainly by the

moveout (the depth of the source influences the curvature of the events ); F is related

to the wavelength or the thickness of the event; A is defined by the maximum energy

recorded. Once the labels have their unique signatures in the data, one can add more

output labels to the network training.

The convolutional neural networks architectures and training

In this study, I use the two networks, shown in Figures 30 and 31. One network

predicts the number of events N in the input data as a classification problem. The

other network predicts the source locations X and Z, the peak frequencies F , and the

maximum amplitudes of the events A as a regression problem. I decided to confine

the number of events within a segment to three as a maximum in the following

examples. However, increasing that number is straightforward and has no bearing on

the framework.
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Input data Convolutional layers GAP

0 sources
1 sources
2 sources
3 sources

Labels

64 * 64 10 * 32 * 32 20 * 16 * 16 40 * 8 * 8 80 * 4 * 4 4 * 1 * 1

Convolution operation

Figure 30: Convolutional Neural Network with a Global Average Pooling layer for
solving classification issues. The yellow blocks refer to convolutional operators. The
numbers on the top refer to the operator sizes and the data sizes. The numbers of
each convolutional layer size indicate the output channels * output data size in the
first dimension * output data size in the second dimension.
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Convolution operation

Figure 31: Convolutional Neural Network with fully connected layers for solving
regression issues. The yellow blocks refer to convolutional operators. The numbers
on the top refer to the operator sizes and the data sizes that indicates the output
channels * output data size in the first dimension * output data size in the second
dimension.

Figure 30 shows the classification CNN that classifies the input data to the correct

source number classes. Four convolutional layers and one global average pooling layer

all pass through a tanh activation function. Recently some popular fully convolutional

neural networks have been proposed to avoid using fully connected layers to minimize

the number of parameters while maintaining high performance. To achieve this, some

researchers use global average pooling (GAP), which acts as a structural regularizer,

preventing over-fitting during training [124]. Others suggest that GAP improves the

performance of classification while reducing the number of neurons to save training

time [125]. Thus, I use GAP when building the classification CNN for this study.

Instead of using down-pooling layers, I set the stride value of each convolutional layer

to two, which down pools the input tensor by half in both axes after each convolutional

layer. 10, 20, 40, 80 convolutional filters are set to the first, the second, the third, and

the last convolutional layer, respectively. I use the tanh activation function between
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layers because seismic data have both positive and negative values.

The loss value of the classification network is calculated by the cross-entropy function

between the predicted and true labels probability distributions:

H(T, P ) = �ET [logP ], (34)

where P and T refer to predicted and true probability distributions, respectively. EP

is the expected value operator with respect to the distribution P. This cross-entropy

loss function provides a probability distribution of each possible output label. I

back-propagate the loss to train the network and optimize the predicted distribution

that describes the true one by a stochastic gradient descent (SGD) optimizer. Other

popular optimizers such as the Adam [126] optimizer can also be used in the algorithm.

From my experience, SGD shows reasonably good convergence for this task, and thus,

I use this optimizer in my algorithm.

Figure 31 shows the regression CNN architecture that predicts the source locations

(X and Z), the peak frequencies (F ), and the maximum amplitudes (A). The mean

squared error (MSE) loss for the regression network is calculated by:

L =
nX

i=1

(|X i
P �X

i
T |2 + |Zi

P � Z
i
T |2 + |F i

P � F
i
T |2 + |Ai

P � A
i
T |2), (35)

where i is the source number, and n is the maximum number of sources assumed.

This loss function is back-propagated to train the neural network to minimize the loss

function. I still use an SGD method to optimize the parameters in the network. The

output labels are all normalized to [0, 1] or [�1, 1] as it helps balance the training for

the various labels. For example, the source wavelet peak frequencies in my following

experiments are randomly generated from 5 � 15 Hz. Thus, I first subtract all the

frequency labels by 5 Hz and then divide the labels by the new maximum value of

10 to normalize the frequency labels to the range of [0, 1]. A similar normalization is
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applied to other labels. There are six convolutional layers and three fully connected

layers. The activation function remains the same as the first network. A max-pooling

layer with a 2 ⇤ 2 pooling size is used to down-scale the data by half in each axis

between the layers.
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Figure 32: Example correlated data with (a) single (b) double (c) triple (d) zero
events. Random noise of 50% level has been added.

Both the training and testing datasets are correlated recorded waveforms calcu-

lated using equation 33. Figures 32(a) to (d) show example training data with single,

double, triple, and zero events, respectively. The inputs have distinct features (such

as apex locations, moveouts) for the network to learn. The network setup in this

study is expecting three events per training example (n = 3). To train for single or

double events, I assume that such events include coinciding sources. I replicate the

labels to all three expected event labels for a single event as if I had three sources
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with the same labels. I replicate one of the two events to fill in the three events

requirements for the two events. For example, single event data have the frequency

label [0.5, 0.5, 0.5] after the normalization. Double event data have the frequency la-

bel [0.5, 0.5, 0.8], and triple events data have the label [0.5, 0.3, 0.8] if all three events

have di↵erent frequencies. In other words, I assume the single event to be a triple

event of the same frequency. This process implies that I assume there are n events

in all non-zero events (based on classification) input data. However, two or three

sources are excited under precisely the same condition; thus, the events are entirely

overlapped.

To help the network learn well, I keep the order of arrival time consistent in the labels,

so earlier arrival events are in the first of the three-event labels and the latter in the

last. As mentioned earlier, this ordering will not matter for a single event segment,

and the labels are for the same event. I also normalize the labels to range between

[0, 1] or [�1, 1] to stabilize the training.

Thus, the network is used to learn the nonlinear relationships between the input data

and the output labels. Increasing the number of convolutional layers or the number

of neurons in each layer may improve the performance of some training sets. How-

ever, too many neurons in the network may lead to over-fitting, which means the

network memorizes the data instead of learning them. Thus, the network, in this

case, performs poorly on test data. Therefore, the choice of network parameters is

quite crucial for optimal performance. One way to evaluate the over-fitting problem

is to include a validation set in the training process by separating a small part of

the training set for validation and not involving it in the back-propagation (training).

The validation set is used to monitor the performance of data not used in training.

If the validation set loss does not decrease or even increases while the training loss

drops, it means I am probably facing the over-fitting issue.

The whole workflow can be described as (1) train the classification network with all
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the training data; (2) train the regression network with all the non-zero events train-

ing data; (3) test the classification network with a test set and filter out the non-zero

events data; (4) test the regression network with the non-zero events testing data in

step (3).

The introduced approach has advantages over current networks in many ways. It does

not require event detection, nor it requires manual picking. I treat the raw record by

first slicing the raw recorded into several segments, usually of equal size for simplicity.

Each segment could be one hour long, as an example. Then, I pick a reference trace

and correlate it with the data. In this way, I convert the one-hour-long raw record

into seconds or even less than a second long, and I input such reduced data into

the network. Compared to using raw records as input data, the input data size is

reduced, and thus, the training and testing time is practical. I input the correlated

data into the two networks. I obtain information on the number of events to help

us understand the outputs from the other network and source locations and other

parameters of the micro-seismic event.

The framework for applying this approach to real data may include additional train-

ing to adapt the NN model to real data. I first train the network on synthetic data

using the best available velocity model extracted from real or other sources. The syn-

thetic data should have the same acquisition setup as the real data. Further training

on some previously inverted labels from the data can help improve the network per-

formance [118]. I intend to show such an application in the follow-up Chapter . In

this chapter, I focus on the concept and synthetic tests.

Examples

I first test this approach on a simple vertically varying model focusing on the ability of

the network to predict the events and their characteristics. I then apply the approach

to a more realistic model in which I use a smoothed version of the velocity model
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(like those that comes from imaging) to generate data for training the network and

then use the true model to generate data for testing the network (as such data should

represent the true model). I perform the second experiment with micro-seismic events

placed at the reservoir area to represent more realistic conditions.

Synthetic test on a V(z) model

The training and testing datasets for the experiment are generated synthetically. I

compute waveform records corresponding to sources distributed randomly through

the whole velocity model to create the data. In my experiment, the velocity is lin-

early increasing with depth (V (z) model), ranging from 2 km/s to 2.64 km/s. The

model size is 0.64 km by 0.64 km with a 10 m spatial spacing. The monitoring sys-

tem includes sensors at every grid point on the earth’s surface (total of 64 receivers).

The source parameters are randomly generated, which means the source positions

(X,Z = [0.05, 0.63] km), the peak frequencies (F = [5 � 15] Hz), and the maximum

amplitudes (A = [0.5 � 1]) are all random numbers within the ranges. When gen-

erating the data, up to three sources (N = [0 � 3]) with random values are used as

the sources so that the maximum source number is three in the experiment, and in

some cases, I might have no sources. For each segment, I choose the central trace as a

reference trace and apply the correlation operation mentioned in equation 33. I limit

the correlated data to a 0.4 s time lag window and normalize them by the maximum

value of all the data segments to form the input data to the network. So in line with

my objective, I pre-process the data with the correlation step, eliminating the source

origin time information as all the events will be pulled to the zero time-lag position.

Thus, I mainly focus only on event locations, frequencies, and magnitudes. In total,

5332 training data and their labels are prepared, including 1333 samples each for the

zero, single, double and triple events cases.

The input data examples are displayed in Figures 32(a) to (d). Random noise of 50%
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level with respect to the maximum amplitude has been added to the data. I set the

training batch size to 100 throughout the experiment.

The classification network error rates for the training and validation datasets are

shown in Figure 33(a). The error rates decrease to less than 3%. The regression

network training and validation loss curves are shown in Figure 33(b). The smooth

decrease is mainly due to the learning rate schedule strategy. The initial learning rate

(0.01) decreases 50% every 1000 epochs. The loss function may decrease further, but

I choose to stop the training at 5000 epochs. The fact that the loss function did not

converge to zero is one sign that I am not over-fitting. Luckily, the neural network

training is not sensitive to random noise in the inputs. In fact, in some situations,

the random noise may help the training as I add some values to all zero inputs, and

this step often prevents instability in training.
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Figure 33: (a) Training (blue) and validation/testing (green) error rate curves for
classification; (b) Training (blue) and validation/testing (green) loss curves for re-
gression.

To better analyze the predicted results of the trained networks, I generate separate

test sets with sources on a regular grid to test the network. Specifically, I generate

1332 test data with random parameters that include 333 samples for each event case

to test the classification performance of the network. The predicted largest probabil-

ity of the source numbers N in the data are shown as the red line in Figure 34 and

the corresponding true source numbers are shown as the blue line. The accuracy of
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the test set reaches 97.75%, which is generally good. For most single and zero source

cases, the accuracy is almost 100%. Only a few errors in multi-sources cases occur,

which makes sense because some nearby sources may appear like a single source.
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Figure 34: The predicted (red) and the true source numbers N in each testing data.

I generate 225 test data for the single-source case in which sources are excited on

regular grid points, which has 15 rows in the Z direction and 15 columns in the X

direction, to better demonstrate the predicted source location accuracy with respect

to the spatial positions. The sources are excited with random F and A. Then I ran-

domly select two (or three) single event data and sum the selected data to generate

the multi-sources test set.
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Figure 35: (a) Single source cases coordinates X&Z prediction and (b) corresponding
error map. The yellow color indicates larger errors in space and the blue color indicates
smaller errors.
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Figure 36: (a) Double sources cases coordinates X&Z prediction and (b) correspond-
ing error map. The yellow color indicates larger errors in space and the blue color
indicates smaller errors. The red dots indicate all the event locations in the multi
events data.
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Figure 37: (a) Triple sources cases coordinatesX&Z prediction and (b) corresponding
error map. The yellow color indicates larger errors in space and the blue color indicates
smaller errors. The red dots indicate all the event locations in the multi events data.
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Figures 35 to 37 show the predicted source locations compared to the true source

locations and their corresponding error maps for single, double, and triple source

cases. The predicted and the true source locations are marked by the red and blue

dots, respectively. I can generally see that the predicted sources are quite close to the

true source locations and many predicted sources even overlap their true locations.

The error maps also describe how well the network predicts the labels in di↵erent

areas. They are generated by calculating the di↵erences between the true and pre-

dicted source locations on regular grid points in the source region and interpolating

the values to a denser grid for better visualization. For multi-events predictions, the

errors are calculated by averaging all the sources’ absolute distance errors in the same

input data. In general, the middle parts of the model show smaller errors than at the

edges. It is mainly because the middle parts of the model are better illuminated than

the edges. The errors for the di↵erent scenarios range from a few meters to 50 m

maximum. In general, the network seems to do well in locating micro-seismic events.

To test the F accuracy, I generate 100 data examples with fixed source locations for

each parameter. The five sources are located uniformly from the top-left corner to

the bottom-right corner. The frequencies are increased by 0.1 Hz from 5 to 15 Hz to

analyze the F prediction performance for frequency. The same frequencies are used

to generate the multi-sources data. Thus, I can analyze the network performance as a

function of frequency. The curves for the predicted and the true source peak frequen-

cies F are shown in Figures 38(a) to (c) for the single, double, and triple events cases,

respectively. The errors of the predicted labels are averaged over all the absolute

error values of the same frequency for the five sources. The predicted (red) and the

true (blue) curves for the single event cases match each other. They almost overlap

since the errors between the two curves never exceed 0.3 Hz, except for only very

few sources. The multi-events cases frequencies are generally well predicted with the

maximum error lower than 1 Hz. However, the accuracy is slightly lower than in the
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single-event case. In multi-sources cases, events may overlap and change the thickness

of the events, which will confuse the network. Generally, the lower frequencies are

slightly better predicted than, the higher frequencies, which is probably expected. It

is mainly due to higher frequencies having smaller wavelengths (less energy) in the

input images and, thus, dominated by the more energetic lower frequency events.
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Figure 38: Predicted source frequencies F for (a) single (b) double (c) triple sources
cases. 100 frequencies are shown for each case. True and predicted labels are shown
as the blue and red curves, respectively.

I repeat the same analysis to A that the amplitudes increase by 0.005 from 0.5

to 1. The amplitude predictions and the corresponding true values are shown in

Figures 39(a) to (c) for the single, double, and triple events cases, respectively. The
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predicted value absolute errors are also averaged over all the labels with the same

amplitude of the five sources. Similar to the frequency results, the single event cases

have the best predictions. For multi-events cases, the predictions are worse due to

the complexity of the waveforms. The amplitudes are slightly less accurate than the

frequencies, mostly due to the normalization of the input data, which I have men-

tioned, to maintain the stability of the training.
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Figure 39: Predicted source amplitudes A for (a) single (b) double (c) triple sources
cases. 100 examples are shown for each case. True and predicted labels are shown as
the blue and red curves, respectively.

I may obtain better results for the frequencies and the amplitudes predictions

by adding more training data. In general, more training data in machine learning

leads to better results, but it will also increase the cost of the training. The balance
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between the training cost and the performance is also an issue which needs further

attention. However, the benefits of training well (even if costly) such a network as it

can be used for long monitoring periods might outweigh the cost.

A more realistic experiment: the Otway model

The Otway model is extracted from a CO2 injection field near Melbourne, Australia.

The model should reflect the elasticity of the subsurface there. I keep the CNNs the

same as for the V (z) model example. The velocity model has a size of 2.442 km

by 1.968 km with a 6 m spatial interval in the X and Z directions. I smooth the

model using a triangular smoothing operator with a window size of 15 by 10 samples

in the X and Z directions, respectively. Hence, it reflects the resolution I may get

from migration velocity analysis (MVA). I use the smoothed velocity model, which is

shown in Figure 40(a), to generate the training set and use the true model, which is

shown in Figure 40(b), to generate the testing set, representing the real earth.
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Figure 40: (a) Smoothed (MVA) Otway model used for generating the training set.
(b) True model used for generating the testing set on regular grids.

The sources are randomly ignited within the blue box area, extending from 0.75

to 1.75 km in the X direction and 1.4-1.64 km in the Z direction. This location is

assumed to be where the CO2 is injected into the field. Here I assume the source area

reflects a horizontal well injection process commonly used in shale gas exploration. I

situate 100 receivers on the surface of the model with a 24 m interval. Similarly, the

other source parameters are also randomly generated within the same ranges used for

the V (z) model test. All the labels are normalized to the range of [0, 1]. A total of
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10, 000 data examples have been generated as the training set �� 2500 data for each

event number case (N = [0, 3]).

The non-zero event data examples for the training and testing sets can be found in

Figures 41(a) and (b), respectively. In addition, random noise of a 50% level with

respect to the maximum amplitude was added to the data. The batch size is 100 in

the experiment.



119

Timelag (s) Timelag (s)Timelag (s)
-0.4 -0.2 0.2 0.40 -0.4 -0.2 0.2 0.40 -0.4 -0.2 0.2 0.40

1.
5

1
0.

5
2

0
X 

(km
)

1.
5

1
0.

5
2

0

1.
5

1
0.

5
2

0

(a)

Timelag (s) Timelag (s)Timelag (s)
-0.5 0.5 10 -0.5 0.5 10

1.
5

1
0.

5
2

0
X 

(km
)

1.
5

1
0.

5
2

0

1.
5

1
0.

5
2

0

-0.5 0.5 10

(b)

Figure 41: (Non-zero example correlated data in (a) training (b) testing set with
(left) one (middle) two (right) three sources. Random noise of 50% level has been
added.

The classification training and validation accuracy curves are shown in Figure 43(a).

I use an SGD optimizer. The learning rate starts at 0.1 and decreases by 50% every

100 epochs. The final error rates on both the training and validation sets are less

than 1%. A large amount of training data helps speed up the convergence of the loss

function with respect to the epoch number, while for each epoch, the training time in-

creases. Similar to the V (z) model experiment, to better understand the performance
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of the trained networks, I generate several test sets for di↵erent parameter testing.

2000 data samples have been generated to test the classification network �� 500 data

samples for each source number case. The testing set classification result is shown in

Figure 42. The accuracy reaches 96.1% (78 tests with errors out of 2000). Recall, the

training set and the testing set are generated from di↵erent velocities. Under such

a condition, the testing accuracy is high. The single and zero source cases are well

predicted. However, the multi-sources cases are less accurately predicted due to the

complexity of their waveforms, which can easily confuse the neural network.
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Figure 42: The predicted (red) and the true source numbers N in each testing data
on the Otway model.
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Figure 43: (a) Classification and (b) regression training and validation loss curves.

The loss curves of the regression training and validation sets are shown in Fig-

ure 43(b). In the first 100 epochs, the loss value drops rapidly, and then the loss

decreases smoothly until the end. The rapid drop, in the beginning, is mainly due
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to the network quickly learning to produce an acceptable average value of the output

labels, which is related to fitting. After that, the network learns more about the input

data features and gives better predictions.

I generate 600 data samples in which the sources were excited on a regular grid in

the source region, which is shown as the blue dots in Figure 40(b), to better demon-

strate the predicted source location accuracy with respect to the spatial position of

the source. 100 sources are ignited with random F and A to generate the single event

test set. Then, I randomly select two (or three) single-event data and add the se-

lected data to form the multi-sources test set. 100 single event data, 200 double events

data, and 300 triple events data have been generated to test the source location pre-

diction accuracy regarding spatial distribution. The predicted source locations of the

regular-grid testing set and their corresponding error maps are shown in Figures 44(a)

to 46(b). The true and predicted source locations are marked as the blue and red

dots, respectively. The true source locations are surrounded by the well-predicted

source locations. The maximum error is less than 50 m, and the average error is only

about 15 m. As expected, the larger errors occur on the edges, and the smaller ones

are in the region’s middle parts, which is realized earlier in the V (z) model experiment.
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Figure 44: (a) Predicted (red) vs. true (blue) source locationsX&Z (b) corresponding
error map for the single source cases.
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Figure 45: (a) Predicted (red) vs. true (blue) source locationsX&Z (b) corresponding
error map for the double sources cases.
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Figure 46: (a) Predicted (red) vs. true (blue) source locationsX&Z (b) corresponding
error map for the triple sources cases.

I use five source locations, which are shown in yellow in Figure 40(b), to generate
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the test data for the frequency prediction. I use the same approach in generating

the test data as I did in the V (z) model test set. The curves of the predicted and

true F for the di↵erent cases, and their corresponding absolute errors, are shown in

Figure 47(a) to (c). For all cases, the predicted (red) curves and the true (blue)

curves match each other and almost overlap. The multi-events frequencies are better

predicted than the V (z) model test results, which I believe is mainly due to the larger

training dataset. Remember that I have almost double the training examples for the

Otway model test. The lower frequencies are slightly better predicted than the higher

frequencies, as the higher frequencies are more likely to be influenced by the other

events and noise. The fewer events the input data contains, the better the network

performs. It makes sense that the more events I have in the data, the more complex

the data becomes, which makes it harder for the network to identify each event.
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Figure 47: Predicted source frequencies F for (a) single (b) double (c) triple sources
cases. 100 frequencies are shown for each case. True and predicted labels are shown
as the blue and red curves, respectively.
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Figure 48: Predicted source amplitudes A for (a) single (b) double (c) triple sources
cases. 100 amplitudes are shown for each case. True and predicted labels are shown
as the blue and red curves, respectively.

Same sets are generated to test the amplitude accuracy as the V (z) model test

set. The sources are kept in the same location given in yellow in Figure 40(b). The

amplitude predictions and the corresponding true values are shown in Figures 48(a)
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to (c). Similarly, the prediction errors are averaged over all the absolute values of the

errors that have the same A. Unfortunately, the amplitudes are not as well predicted

as in the V (z) model test results, although I have more training data. The average

error is about 0.1 out of 0.5, which is reasonably low. I believe this may be caused

by the even more complex waveforms generated from the Otway model. After the

normalization of the amplitudes, the input data could be too biased for the network to

learn the amplitude regularity. I also find that the larger A values are better predicted

than the lower ones, which is expected in data with noise. The data with larger source

energy have larger weights in training the network, while the lower amplitude data

will have a smaller influence, which agrees with my analysis. The weaker events have

a smaller signal-to-noise (S/N) ratio, while the stronger ones have a greater S/N ratio.

I may increase the accuracy of the amplitude prediction by training the network to

suppress the noise and unnecessary events, and this aspect is worth studying in the

future.

Comparison with the traditional time-reversal imaging

In this section, I compare the ML locating accuracy with traditional time-reversal

imaging (TRI) results better to demonstrate the advantages of the developed ML

method.

I use the most common TRI locating method, based on the maximum energy imaging

condition [13] under the same experiment set up in the Otway model test. The testing

data generated by the true Otway velocity model is reversed in time and injected as

sources at the corresponding receiver locations using the smoothed velocity model.

Then a maximum energy imaging condition is applied, which provides the maximum

energy position in the whole back-propagated wavefield volume. Such maximum

energy positions are thus referred to as the migrated source locations.

Figures 49(a) and (b) show the histograms of the located events accuracy of the
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machine learning and the maximum energy TRI methods, respectively. I find that

the average errors of the two methods are almost at the same level, that the machine

learning method provides an average error of 20 m and the TRI method provides an

average error of 15 m. Considering that the velocity is accurate, the TRI method

is robust because it is the adjoint of modeling. Thus, the errors in the location do

not exceed 25 m. On the other hand, for the ML method, about ten events had

errors exceeding 30 m, which a↵ected the average. However, the ML approach is far

more e�cient (instant), which is an important feature for real-time monitoring. On

a single workstation, the total time to predict all 200 test examples is two minutes.

Meanwhile, it takes more than a minute to perform the propagation for a single

source TRI application. Therefore, the di↵erence in cost will increase dramatically

for realistic 3D cases, which is the real objective of this development. TRI also requires

that I detect and isolate events to achieve the described e�ciency and accuracy. If I

reverse a one-hour data segment in time, the cost will be far higher. Not to mention

that if I had more than one event in the segment, the maximum energy imaging

condition could only capture the strongest event.
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Figure 49: (a) Machine learning locating accuracy histogram vs. (b) traditional time-
reversal imaging accuracy histogram.
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Discussions

The training process is not only accurate but also e�cient. The training process on a

single GPU (Nvidia Titan RTX) took only six hours, and the well-trained network can

predict all the testing set labels in a few minutes. This feature will be attractive when

I use the network to monitor a field, especially when comparing it with conventional

methods requiring manual picking or solving partial di↵erential equations. Thus,

I use an automated method with good accuracy, especially in locating the micro-

seismic sources, while saving computational cost and manual e↵orts. Also, in the

field monitoring process, even if the velocity model is updated using the new data,

the network’s training considering the new velocity can be cheap through transfer

learning. One form is given by using the current neural network model as the initial

model for the new training. For this ML implementation, I focus on the micro-seismic

event location and magnitude and the peak frequency of the source signature. How-

ever, I cannot identify the origin time of the event within the cross-correlated segment

using this approach. Though the origin time is important in earthquake seismology,

it tends to be less important for reservoir monitoring and fracture mapping. So to

allow my method to map data directly with a reasonable size input to the network

and less variance in the input dataset, I opted to sacrifice the origin time information

using a correlation step. The passive event location accuracy is dependent on station

locations, velocity model, and the physics involved in the training. In this study, I

assume that a good enough MVA based model is provided, and the receiver locations

are known. I focused on the acoustic assumption, but the same approach can be used

for elastic medium. If the monitoring system or the velocity model changes, I may

need to re-train the network (i.e., transfer learning) with new data (corresponding to

the new velocity and acquisition) to adapt to the new conditions. In the chapter, I

demonstrate the method with up to three events in a single segment, and I claim that

no limitation will prevent us from adding more events if needed. Because I assume
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more events in one segment, the more complex the data is. Thus, to perform better

on such complex multi-event data, the network may need more training data to adapt

to the complexity. Moreover, the transition from synthetic training to field applica-

tions is often the most important and challenging part of machine learning based

work, and a large drop in performance may be observed [127]. Thus, implementing

the developed method to field data will be challenging and require more study. In

this chapter, I focus on showing a proof of concept, and the application of the same

concept to field data will be shown in the next chapter.

Conclusion

In this chapter, I built a CNN framework that can e�ciently and accurately predict

the micro-seismic source locations, peak frequencies, and maximum amplitudes from

micro-seismic monitoring data. To prepare the data and avoid event identification

or picking, I cross-correlate a central trace from a data segment with the rest of the

traces. This process moves all the events in the segment closer to the zero-lag area

o↵ering a more compact data representation. I input such data into a classification

network trained to determine how many events in the data segment. I input the data

into another trained network to extract the micro-seismic event features if events are

present. I train the network on correlated acoustic waveforms from a V (z) model and

the Otway model to test this framework. I trained the network on data simulated

using a smooth version of the true velocity model for the Otway example to replicate

what I would get from tomography methods and then test the network on data

corresponding to the true model. A source with low frequency, high energy, and

located in a better-illuminated part of the model is easier to predict from my results.

On the other hand, a source with high frequency, low energy, and located on the

model edges is harder to predict accurately. In addition, the network is generally

insensitive to random noise, which makes it more stable and useful when dealing with
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real data, though field data tests represent an important milestone that has yet to be

reached for the method to be validated.
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Chapter 6

Data-driven Microseismic Event Localization: an Application

to the Oklahoma Arkoma Basin Hydraulic Fracturing Data

In this chapter, I will further discuss the microseismic event localization methods

based on machine learning and deep learning techniques. In the previous chapter, I

mainly discussed the ML method application to synthetic data. However, applying

ML methods to field data will be much more complicated because of the complexity

of real data, such as field noise and imperfect physical models. Thus, further analysis

on how to adapt the ML method to field data application is critical. I will also show

an applications to field data example using the introduced ML method. The content

in this chapter refers to the paper submitted to IEEE in the paper list.

Introduction

With the explosive development in computational resources, utilizing machine learn-

ing to detect, locate and interpret passive or microseismic events automatically is

gaining much attention. Human experts are responsible for data preparation, net-

work architecture designation, and hyper-parameter fine-tuning. Once the networks

are well trained, they work instantly and with no need for human interactions. Thus,

they vastly reduce human e↵orts and computational costs while maintaining high

accuracy in locating the events. Due to most machine learning methods being purely

data-driven, I no longer need wavefield simulations or arrival pickings.

In this chapter, I train a CNN using correlated P-wave synthetic data as input. The
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network predicts the event locations in space as a regression task. Once the CNN

is well trained, it can be used for real-time microseismic events locations on the raw

monitored record segments. I generate synthetic acoustic data with the given 3D

P-wave velocity model as my training and validation data. The given 3D P-wave

velocity model is generated from well-log information and calibrated by perforation

shots. I add the recorded noise extracted from the field records to the training and

validation data to mitigate the di↵erence between the synthetic and field data. I

also add weak white noise to the synthetic data as a data augmentation step. Once

the network performs su�ciently on the synthetic testing data, I test the network

performance on the field data. Finally, I compare my network predicted results with

an existing study on the same data [82].

Multi-task learning in deep convolutional neural networks

In machine learning (ML) tasks, I generally train a single model or ensemble models

to perform my desired tasks. I then fine-tune the model(s) to obtain the best perfor-

mance. I can achieve it by focusing on my single task and ignore information that

may help us do better on my task. This information typically comes from the training

data of related tasks. The model will be generalized better on my original task by

sharing the characterizations of related tasks. Such an approach of sharing character-

izations is called multi-task learning (MTL). MTL has been proven to be successful

in many applications of machine learning, such as natural language processing [128],

speech recognition [129] and computer vision [130]. In my application, I define the

microseismic event location coordinates in space as three tasks (X, Y, Z).

Hard parameter sharing is the most commonly used approach in MTL [131]. By

sharing the hidden layers between all tasks while keeping specific output layers for

each task, hard parameter sharing significantly reduces the risk of over-fitting [132].

Each task works as a regularization term on the other tasks. The more tasks I am



137

learning simultaneously, the more my model has to find a representation that captures

all of the tasks and reduces over-fitting. The general architecture of hard parameter

sharing is shown in Figure 50.

Input data

Output 1

Shared 
layers

Private layers

Output 2

Output 3Private layers

Private layersShared 
layers

Shared 
layers

Shared 
layers

Figure 50: Multi-task learning hard sharing structure.

Convolutional Neural Networks are typical architectures of deep neural networks.

In traditional neural networks consisting of fully connected layers, a high dimension-

ality with a large number of weights is involved in the training. A distinct feature

of CNN is the concept of local neuron connectivity and shared weights. The connec-

tivity is given by a convolution process, which significantly reduces the number of

weights to be trained. The convolutional neural network is most commonly applied

in analyzing visual imagery [121, 122]. The architectures of CNNs often di↵er, but

typically it contains three types of layers: convolutional layers, down-pooling layers,

and fully connected layers [123].

Convolutional layers

A convolutional layer often consists of learnable filters or kernels, sliding over the

input data and performing an elementwise multiplication [133]. As a result, it will

be summing up the results into a single output pixel. The kernel will perform the

same operation for every location it slides over, transforming the input data into a

set of feature maps. Stacking the feature maps for all filters forms the full output
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volume of the convolution layer. I use the convolutional layers to extract the seismic

record features, which I envisage represent the apex and curvature of the arrival event,

corresponding to the event horizontal locations (X and Y ) and the event depth (Z),

respectively. In my MTL application, the convolutional layers are shared by all the

tasks.

Down-pooling layers

A problem with the output feature maps is that they are locally sensitive and direction-

selective. One approach to address this sensitivity is to downsample the feature maps.

The downsampling operation has the e↵ect of making the resulting down-sampled fea-

ture maps more robust to changes in the location of the feature in the image, which

is often referred to as local translation invariance. Down-pooling layers provide an

approach to downsample feature maps by summarizing features in patches of the fea-

ture map. Such downsampling progressively reduces the plural of feature maps and

the number of parameters in the network. Thus, it can be used to control over-fitting

issues and reduce computational costs. A common way to use the down-pooling layer

is to insert it between two convolutional layers. In my application, I use Max-pooling

as the down-pooling layer.

Fully Connected layers

Fully connected layers, known as dense layers, connect every neuron in one layer to

every neuron in the neighboring layers. It is the same as a traditional multi-layer

perceptron neural network. The flattened matrix goes through fully connected layers

to transit from feature maps to an output prediction for the model. In my MTL

application, the fully connected layers are task-specific, which means each task has

its private fully connected layers to give the specific output labels.
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The CNN architecture

Figure 51 shows the CNN architecture that predicts the source locations (X, Y and

Z) as three individual tasks in multi-task learning. In total, 14 convolutional layers

are set to be the shared layers by all three tasks. A max-pooling layer is inserted after

every two convolutional layers. For each task, two specific fully connected layers are

used to output the final prediction of the task. The number of filters increased by

50 after each pooling operation, with the first convolutional layer beginning with 50

filters. 350 and 20 neurons are used for the first and second fully connected layers,

respectively.

Random  
noise layer

Input data 3 Output Tasks

128 * 128 * 10 50 100 150
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Figure 51: The convolutional neural network architecture used in the method.

A supervised learning scheme is performed in this study. All the layers pass

through a LeakyReLU activation function. Rectifiers, such as ReLU and LeakyReLU,

can e↵ectively reduce the vanishing gradient problem because they only saturate in

one direction [134]. The Mean Squared Error (MSE) loss for each task is calculated

by:

Ek = |lip � l
i
t|2, (36)
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where k denotes the task index, i denotes the ith input data, lp and lt denote the

predicted label and the ground truth, respectively. The total loss is calculated by

summing over all the tasks and back-propagated to train the neural network by min-

imizing the total loss function. The learning process is iteratively run until the max-

imum epoch number is reached.

Data preparation and semi-synthetic training strategy

The field data I use in this study correspond to passive seismic monitoring continu-

ously for four days during a hydraulic fracturing stimulation of a shale gas reservoir

in the Arkoma Basin in the United States. More detailed information can be found

in previous work on the same dataset [82]. I use 17 previously detected and analyzed

events as my testing data. The corresponding previously determined locations are

provided, and I use the locations as my reference labels in this case. I choose these

events because they are the strongest events from all detected events in the raw data

before any data processing.
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Region of interest

Figure 52: The receiver (blue dots) geometry map view and the region of interest (sky
blue). From left to right are the input, field noise, random noise, shared convolutional,
private fully connected layers, respectively.

In this dataset, four horizontal wells were drilled into the shale formation at true

vertical depths of approximately 2100 m. A large aster-shape array is deployed as the

microseismic monitoring system with 911 single-component vertical receivers. The

receiver geometry is shown in Figure 52. The receivers are spread out along ten

radial arms centered around the wellhead. The minimum number of receivers per

line is 54 (line four), and the maximum number is 122 (lines two and ten). The
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single-component receivers record only vertical displacement on the Earth’s surface.

As a result, P wave arrivals dominate the data, and I can hardly see S wave arrivals.

Thus, I decide to ignore the S waves and focus on P waves only as P wave arrivals

potentially contain all the key features needed to locate the events.

In microseismic experiments, the data recorded from the field are incredibly long,

sometimes extending for days. The nature of microseismic monitoring is that the

source origin time and location are unknown, and only the recording time is known.

It is generally expensive to label the field data by conventional methods and use it to

train the model. Also, field data are limited and can probably be used only in trans-

fer learning. In this case, the accuracy of the resulting NN model is only as good as

the computed labels from field data. Thus, I use synthetically generated data as the

training and validation dataset for the NN model and the field data as the testing

dataset. It is much cheaper to generate labeled synthetic data as I fully control the

synthetic computing steps.

The blue box area in Figure 52 shows my region of interest. It is decided by the prior

information of the region, mainly by the labeled events. The blue box covers the area

of x = [1463, 3048] m, y = [1463, 2743] m, z = [1524, 2286] m. I synthetically generate

the training and validation data using a Ricker wavelet as the source wavelet. The

source parameters are randomly selected within certain ranges. The event locations

are within the blue box area; the peak frequencies of the wavelets are between 25�35

Hz (matching the field data spectrum); the maximum amplitudes (refer to as the

event magnitudes) of the wavelets are between 0.5�1. The random selection is based

on a uniform probability for all the numbers in the ranges. In total, I have generated

5000 data with an acoustic finite-di↵erence modeling code corresponding to 5000 ran-

domly selected source parameters. I randomly divide the data into a training set and

a validation set following an 80/20 split rule such that 4000 data samples act as the

training set and 1000 data samples act as the validation set.
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Conventional pre-processing of the data includes splitting the data into several seg-

ments corresponding to the detected events. However, the segment size varies from

data to data, and it usually is too large for training. I process the data by picking

a reference trace from every segment and cross-correlate it with all the traces in the

segment using:

D(x, ⌧) = dref (t) ⇤ d(x, t), (37)

where d(x, t) is the data segment, dref is the chosen reference trace from the data

segment, ⇤ is the correlation operation and ⌧ is the lag of the correlation operation.

The data before and after the correlation are shown in Figure 53. Note that the

single event in this segment is pulled to approximately zero lag after the correlation

operation. Thus, I can represent a data segment with a smaller time window around

the zero time lag regardless of the origin time of the event in the segment. Only

cross-correlation cross-talk will have large time lags. In this way, I may significantly

reduce the CNN input data size while retaining the key features in the data. Note

that the whole pre-processing is purely automatic. I do the same pre-processing to

the synthetic training data and the field data and feed the data with a short time lag

window as the input to the network.
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Figure 53: Data comparison before and after the reference trace correlation operation,
as an example.

I input the ten arms as ten channels to the first convolutional layer, similar to

how I usually treat RGB images. However, the trace numbers in the ten arms are not

consistent. Thus, I conduct an interpolation with a sinc function along the receiver

axis to make all the ten input channels consistent in size. The interpolated arms have

128 traces for all arms.
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Figure 54: Examples of (a) raw field and (b) synthetic data.

Figure 54 shows examples for synthetic and field recorded data. I pick the first
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trace of each gather as the reference trace and implement the correlation operation

in equation 37. Then I cut a short time-lag window around the zero-lag position, and

the outcome field and synthetic data are shown in Figure 55.

(a) Field

(b) Synthetic

Figure 55: Processed examples of (a) field and (b) synthetic data.

Although the two images in Figure 55 share some similarities in the key features,

such as the microseismic event curvature, they also are reasonably di↵erent, mainly

due to the strong field noise in the field data. Thus, I use a semi-synthetic strat-

egy to mitigate the gap between the synthetic and field data. In total, I extract in

total 10000 pure field noise data from the large time-lag positions in the correlated

field data, shown in Figure 56. Such extracted noise data contains only noise and no

events. Then, I add the field noise to the training and validation data with a random

selection approach to train the model to ignore the field noise and focus only on the

main event. The noise added to the training data starts from lower levels (100%

of the signal energy) to higher levels (1000% of the signal energy) with respect to
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training epochs. The training data with di↵erent noise levels are shown in Figure 57.

The workflow of the used method is shown in Figure 58.

Figure 56: Extracted noise example from correlated field data with a reference trace.
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(a) 100%

(b) 300%

(c) 500%

(d) 1000%

Figure 57: Synthetic training data added di↵erent levels of field noise (a)100%
(b)300% (c)500% (d)1000%
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Figure 58: The workflow of the method based on a semi-synthetic multi-stage MTL
strategy.

The output labels of the network are the event locations in 3D (X, Y & Z) as

three related tasks. Each task output has its unique feature in the input data. The

event apex horizontal position in the di↵erent arms determines the X and Y coor-

dinates; the moveout mainly defines the Z label (the depth of the source influences

the curvature of the events). I normalize the labels to the range of [0, 1] to stabilize

the training. In addition, I apply a Batch Normalization to reduce internal covariate

shift and accelerate the training [135].

Thus, the network is used to learn the nonlinear relationships between the input data

and output labels. Increasing the number of convolutional layers or the number of

neurons in each layer may improve the performance of some training sets. However,

too many neurons in the network may lead to over-fitting, which means the net-

work memorizes the data instead of learning them. Thus, the network, in this case,

performs poorly on test data. Therefore, the choice of network parameters is quite

crucial for optimal performance. One way to evaluate the over-fitting problem is to

include regularization terms in training. Thus, I apply a 5% dropout [122] to each

convolutional layer and use a weight decay regularizer (✏ = 10�5) [136] to mitigate

the over-fitting problem. I start the training with a learning rate of 0.01 and use

the adaptive learning rate scheduler to automatically reduce the learning rate by the

rate of four when the validation performance does not improve. I also add random

noise of 10% signal energy level to the training data, which works like a Tikhonov
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regularization [137] to help us obtain robust predictions.

Experiment results analysis using semi-synthetic strategy

I first test this approach on synthetic (training and validation) data to demonstrate

the method’s applicability. I then show the field data test results.

Synthetic test results

The training and validation datasets are generated synthetically, as described in the

previous section. 5000 random events are simulated and divided into a training set

and a validation set based on an 80/20 split. The velocity model and the receivers I

use are consistent with the field data, shown in Figure 59. The pre-processing steps of

interpolation and correlation with a reference trace are implemented. I choose a time-

lag window of 0.512 s around the zero-lag position. The input data size is 128⇥ 128

samples in both space and time. I keep the field noise level at 100% through the

training.
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Figure 59: The 3D P-wave velocity model used for generating the synthetic training
data.

The logarithmic scale training and validation loss values with respect to the train-

ing epochs are shown in Figure 60 (a) and (b), respectively. The validation loss not

curling upward is a good sign that I am not facing an over-fitting problem. I stop

the training at epoch 200 as the losses do not decrease anymore and the learning rate

is su�ciently low. I find the Z loss values are the largest of the three, and X and

Y losses are almost at the same level from single task loss curves. Among the three
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tasks, Z is the most di�cult label to predict. X and Y mainly depend on the arrival

apex horizontal position, while Z depends on the moveout. The receivers are set on

the Earth’s surface, making the moveout a smaller feature to capture than the apex

location because shifts of an event in space introduce an obvious di↵erence in the

apex horizontal location and a relatively small di↵erence in the moveout. Moreover,

X and Y rely on similar input data features, which are di↵erent from those that Z

relies on. In MTL, similar tasks will help each other in the convergence.
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Figure 60: The (a) training and (b) validation loss curves for synthetic data. Loss
curves for the (blue) total, (orange) Z, (grey) Y , and (green) X labels.
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Figure 61: The label comparison between the ground truth and network prediction
(a) X (b) Y and (c) Z. (blue) Predicted labels; (green) ground truth; (red) absolute
label misfit. The curves are plotted in the order of errors from small to large.
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Figure 61 shows the label prediction errors for each task. The events are plot-

ted in the order of error values from small to large. The three tasks are all well

predicted on the synthetic validation set by the network. As I can see, the blue

predicted curves and the green ground truth curves overlap. In Figure 61 (a), the

relatively large errors on the right end come from the smallest and largest X labels

due to reduced illumination on the edges of the source region. Similar observation

can be made in Figure 61 (b) for Y . In Figure 61 (c), the large Z errors come from

the deeper events because the moveout di↵erence is smaller when the events are deep.
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Figure 62: The prediction error histogram for spatial locations.
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(a) X

(b) Y

(c) Z

Figure 63: The prediction error histograms for (a) X (b) Y (c) Z labels.
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Figures 62 and 63 show the histograms of the misfit in location, X, Y , and Z,

respectively. The average location error is about 16 m, and the single label average

error is also less than 20 m. I then calculate the error maps, shown in Figure 64,

weighted by the inverse distance between each grid point and the validation set ground

truth. I find that the large errors (indicated by light colors) are mostly located at

larger Z labels (deeper events) and X, Y edge labels, which further validates my

analysis.



158

20 40 60 80 100

5

10

15

20

25

30

35

40

45

50

10

15

20

25

30

35

X (m)

m

Y

1463                                                                          3050

1463  

                                                                         
2750

Y (m)

(a) X-Y

20 40 60 80 100

5

10

15

20

25

30

35

40

45

50

10

15

20

25

30

35

X (m)

Z

m

1463                                                                          3050

1500  

                                                                         
2300

Z (m)

(b) X-Z

20 40 60 80 100

5

10

15

20

25

30

35

40

45

50
10

15

20

25

30

35

40

Z

Y (m)

m

1463                                                                          2750

1500  

                                                                         
2300

Z (m)

(c) Y-Z

Figure 64: The inverse distance weighted error maps for the (a) X-Y (b) X-Z, and
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Field data test results

I further test my method on the field data. In total, 17 events are selected for my

test because these events are the strongest events from all the detected events. The

same pre-processing steps are done to the field data as the synthetic training data

processing. The training follows a semi-synthetic and multi-stage strategy, as I men-

tioned above. In total, 4 stages of noise levels 100%, 300%, 500%, and 1000% of the

signal energy are added to the training and validation data. The training data and

the field noise data are randomly selected and summed with certain weights. The

learning rate has the same scheduler as the first experiment in each stage and is reset

once I start the next stage. I train the network for 30, 70, 100, and 100 epochs for

each stage, respectively. I train the network longer for stronger noise data due to the

data complexity.
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Figure 65: The (a) training and (b) validation loss curves. Multi-stage strategy: from
lower to higher noise levels. Loss curves for the (blue) total, (orange) Z, (grey) Y ,
and (green) X labels.

The logarithmic scale training and validation loss values for each task with respect

to the training epochs are shown in Figure 65. The loss values generally decrease to
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the same level after every stage. The validation loss not curling upward again shows

that I am not facing an over-fitting problem. I stop the training at epoch 300 with

1000% noise level because the field noise is strong, so the training data have similar

noise to the field data. Among the three tasks, Z is still the most di�cult label to

predict, and the horizontal locations are better predicted due to the same reason I

mentioned in the previous experiment.

Given and pre-located by traveltime picking 
Predicted by proposed method

(m)(m)

(m
)

Figure 66: Comparison between the (red) given event locations with traveltime pick-
ing and (blue) predicted event locations with the used machine learning method.

To ensure quality control, I compare the event locations predicted by the used

ML method for the field data and by a previous study on the same data [82], shown

in Figure 66 as blue and red dots, respectively. I may find that the dots match quite

well in space, and 14 events out of 17 are predicted within 50 m from the given labels,

though the errors are higher than the average error in the synthetic case. Since this

is a field data experiment, I do not know the true event locations. Thus, the given

labels can only be considered as a reference. I generate 17 events ignited at the given
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label locations for further analysis and do the same pre-processing. I then calculate

the global correlation coe�cients between the synthetic data at the labeled locations

and the processed field data to see whether the two datasets match or not. The global

correlation coe�cients between the two signals can be calculated by:

� =
< a(x, t), b(x, t) >

sqrt< a(x, t), a(x, t) >< b(x, t), b(x, t) >
, (38)

where

< a(x, t), b(x, t) > =

ZZ
a(x, t)b(x, t)dxdt. (39)

Then I plot the coe�cients values and the label di↵erences of the 17 events. If the

two events have the same curvatures, the coe�cients will be large regardless of the

field noise (close to one). Otherwise, the correlation coe�cients will be small (nearly

zero). The correlation coe�cient curve (blue) and the label di↵erence curve (purple),

shown in Figure 67, respectively, have an inverse correlation relationship between

them. It gives us a hint that once I can synthetically reproduce the same data at

the same labeled locations as the field data, I have a good prediction. Meaning that

if the determination of the reference labels is consistent with the acoustic modeling

(including the velocity model) used to generate the synthetic training data, repre-

sented by the high correlation, the prediction of the network is good. Otherwise, the

provided labels provide biased references for the network. The synthetic and field

data misfit may be related to the velocity model inaccuracy, the simplified forward

modeling engine, or the reference label itself. I may further study the influence of

these factors in my future work. Nevertheless, the predicted results on the field data

for those reference labels satisfying my modeling setup are reasonably good.
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Figure 67: Comparison of the (purple) global correlation coe�cients and (blue) label
di↵erences between the given and predicted labels.

Data preparation with auto-correlated data convolution

Besides the semi-synthetic, I use a technique suggested by a conference abstract [138]

to further reduce the di↵erence between the training and field testing data using

a convolution operation with auto-correlated data, which is inspired by the source

independent objective function used in Chapters to .

As a reminder of Chapter of the dissertation, I use the source independent objective

function, shown as equation 18 to mitigate the unknown source onset cycle skipping.

The concept of the data pre-processing method is based on the idea that we can use

a convolution operation to greatly remove the data di↵erence, which means we can

convolve the synthetic training data with the field data. Thus, all the information

of the field data, no matter the source mechanism, source wavelet, coherent noise, or

the others, will be added to the training data. I do the same thing to the field data

by convolving it with the synthetic data. Thus the two data will look very similar.
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I use an extra correlation step of the same data convolved to cancel the phase shift

introduced by the convolution operation. Finally, I combine the two steps as one by

convolving the auto-correlated field/synthetic data. The auto-correlated field data

convolved with the training data is the mean of all the field auto-correlated data

because I need the average estimation of the field data to be added to the training

data. The auto-correlated synthetic data is also the mean of all the training data.

The pre-processing steps can be concluded as 1. correlation step of the original data

with a reference trace; 2. calculation of the auto-correlated field and synthetic data;

3. convolution step of the step 1 data and step 2 data.

The data after each step are shown in Figure 68 to 70. After the pre-processing

steps, it is clear that the synthetic training data, shown in Figure 70(a) is a lot more

similar to the field data shown in Figure 70(b). Thus, training the network with the

pre-processed synthetic data will better perform on the processed field data.



165

Trace Number

Ti
m

ela
g 

(s)

(a)

Trace Number

Ti
m

ela
g 

(s)

(b)

Figure 68: (a) Synthetic training data and (b) field data after step 1: correlation with
a reference trace.
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Figure 69: (a) Synthetic training data and (b) field data after step 2: auto-correlation.
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Figure 70: (a) Synthetic training data and (b) field data after step 3: data convolution
of step 1 and 2. Data within the red window are extracted as the input data to the
network.
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Experiment results analysis using convolution and auto-correlation

strategy

The network architecture I use in this experiment is the same as in the previous

experiment, except that a convolution layer now replaces the magenta-colored field

noise layer with the auto-correlated field data.
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Figure 71: The (a) training and (b) validation loss curves using the convolved auto-
correlation data. Loss curves for the (blue) total, (orange) Z, (grey) Y , and (green)
X labels.
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The logarithmic scale training and validation loss values for each task with respect

to the training epochs are shown in Figure 71. The loss values for the validation and

training sets generally decrease to the same level after 1500 epochs. The features in

the loss curves are almost the same as the previous field data experiment, which I

will not repeat here.

I plot the coe�cients values and the label di↵erences of the field monitoring events,

shown in Figure 72, with and without the auto-correlation pre-processing steps. The

correlation coe�cients (blue) after the pre-processing steps (solid lines) are generally

higher than the ones without the pre-processing steps (dashed lines), which means

the used method further reduced the di↵erence between the field and synthetic data.

On the other hand, the label di↵erences are decreased to an average 15m range, which

is much smaller and more consistent than those without auto-correlation, shown in

Figure 73. Thus, the pre-processing method provides a more convincing result than

the semi-synthetic method.
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Figure 73: Comparison between the (red) given event locations with traveltime pick-
ing and (blue) predicted event locations with auto-correlation convolution and (cyan)
without auto-correlation convolution.

The training process is not only accurate but also e�cient. It utilizes four par-

alleled GPUs (Nvidia RTX 2080 TI) and only takes twelve hours. Moreover, the

trained network can predict all the testing set labels in a few seconds. This feature

will be essential when using the network to monitor a field, especially if I compare

it with conventional methods requiring manual pickings or solving partial di↵erential

equations. Thus, the used method can provide a fully automatic approach that could

locate microseismic events instantly. Also, in the process of monitoring in a field, even

if the velocity model is updated through utilizing new data, the network’s training

considering the new velocity can be cheap through transfer learning. It is given by

using the current NN model as the initial model for the new training and freezing



172

certain convolutional layers during the training.

For this ML implementation, I focus on the microseismic event location. I cannot

identify the origin time of the event within the cross-correlated segment using this

approach. Though the origin time is important in earthquake seismology, it tends to

be less important for reservoir monitoring and fracture mapping. I opted to sacrifice

the origin time information using a correlation step to allow my method to map data

directly with a reasonable size input to the network and less variance in the input

dataset. The passive event location accuracy is dependent on station locations, ve-

locity model, and the physics involved in the training. In this study, I assume the

given velocity model to be accurate enough. I focused on the acoustic assumption,

but the same approach can be used for elastic media. I use only the events with the

highest S/N in the field data experiment, making my problem easier than the real

monitoring case. If the noise level is even higher, I may need to further train the

network, starting with the existing one, with stronger noise. The performance of the

network on the weaker events may reduce accordingly.

Discussion

Generally speaking, there are three ways to obtain data in seismic imaging: synthet-

ically generated data, laboratory-generated data, and field-collected data. Machine

learning, especially supervised learning, requires a su�ciently large amount of train-

ing data, which have the same features as the testing data. In addition, the training

data have to be easy to label. Otherwise, the data preparation will be expensive and

time-consuming. Thus, in this study, I use a semi-synthetic strategy that the train-

ing data samples are synthetically generated, and pre-processing steps are applied to

make the training data similar to the field data. Thus, the network’s performance

on the field data is highly dependent on the quality of the synthetic training data

and the similarity of the synthetic data to the field data. When generating the data,
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I assumed that the forward modeling operator fully represents the physical process

in the media, and the velocity model I use is accurate. However, I use an acoustic

wave equation as the modeling operator and a point source as the source mechanism,

which means I ignore the elastic e↵ect and the source mechanism influence. Besides,

the velocity model is generated by well-log information and calibrated by perforation

shots. It is a simple estimation of the true Earth’s structure. These factors will di-

rectly influence the quality of the training data I generated, and the corresponding

error in the field data performance is beyond the method’s ability. The provided event

locations are also estimated by the inaccurate velocity model and other assumptions.

Thus, I use such locations as reference labels, which cannot be considered ground

truths.

Conclusion

In this chapter, I demonstrated a CNN framework that can e�ciently and accu-

rately predict the microseismic event locations from microseismic monitoring data.

To prepare the training and testing data, I interpolate data with a sinc function and

cross-correlate a reference trace from a data segment with the rest of the traces. This

process moves the events to the zero-lag position while retaining the key feature (event

shape and curvature). I train the network on synthetic acoustic waveforms from a

given field monitoring velocity model. I use a semi-synthetic method of adding field

noise extracted from the correlated field data to the synthetic training data to close

the gap between the training and field testing data. I also combine a convolution and

an auto-correlation step of the field and synthetic data to reduce the di↵erence be-

tween the training and testing data. The training is based on a multi-stage strategy.

I use certain regularization terms to avoid the over-fitting problem, such as weight

decay and dropout. From my results, the developed method can predict the event

locations e�ciently and accurately. The field data experiment demonstrated that
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the approach could predict the location of microseismic sources compared to conven-

tional methods, especially for those events in which the reference location matches

the physics used in the network’s training.
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Chapter 7

Concluding Remarks and Future Research Work

In this chapter, I will first conclude the contents of my dissertation. Then I will

discuss the limitation of the used methods. At last, I will share my view on the

possible extensions of the current work.

Concluding remarks

My dissertation is focused on developing techniques that utilize passive seismic data

to illuminate the subsurface around crucial reservoir regions and locate microseismic

events. These techniques are crucial for monitoring fracturing activities for the pro-

duction of unconventional resources and monitoring CO2 injections.

In Chapter , I shared a new equivalent seismic source for passive events, using a

similar approach and framework to those used in reflection waveform inversion. I

successfully separate the temporal and spatial components of a passive source and

inverted both of them, along with the velocity model. In the used method, the new

equivalent source term describes the source mechanism through the source images,

which, unfortunately, are sensitive to the acquisition aperture, and thus, may im-

pact the quality of the inverted result. To mitigate the passive seismic limitation

of an unknown source time, a source wavelet independent objective function is uti-

lized by simply convolving the recorded and modeled data with a reference trace,

through which the necessity of a source onset information is loosened. As a result,

the inverted source images and velocities yield reasonably good results on one stage
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of a field monitoring dataset despite the poor initial model. Furthermore, the used

free-of-picking method successfully finds the source location of the previously known

ball-drop event, which is used to verify the method’s accuracy and build a reasonably

accurate velocity model.

In Chapter , I described an approach to invert the source spatial, temporal compo-

nents, and the anisotropic model parameters that describe an orthorhombic anisotropic

acoustic medium using recorded passive seismic data on the Earth’s surface. To miti-

gate the role of the source wavelet, which is usually inaccurate in shape or time due to

inaccuracies in model parameters, I utilize an alternative objective function based on

the convolution of the recorded traces with a reference trace. A multi-stage inversion

for the anisotropic parameters, with the proper parametrization, yielded convergent

results for the modified 3D orthorhombic SEG/EAGE model despite starting with

crude initial conditions.

In Chapter , I suggested an equivalent source term that separates the source into the

source images in space and the source functions in time, which allows us to invert

for the velocity model, the source location and function, simultaneously in an elastic

medium using surface recorded passive seismic events. The introduced equivalent

source can represent the source mechanism under an ideal receiver geometry. In a

more realistic experiment setup, the combination of the source images and functions

can represent the moment tensor. The synthetic results of a homogeneous model and

an Overthrust model have shown the e↵ectiveness of the method.

In Chapter , I suggested a CNN framework that can e�ciently and accurately predict

the micro-seismic source locations, peak frequencies, and maximum amplitudes from

micro-seismic monitoring data. To prepare the data and avoid event identification

or picking, I cross-correlate a central trace from a data segment with the rest of the

traces. This process moves all the events in the segment closer to the zero-lag area

o↵ering a more compact data representation. Next, I input such data into a classi-
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fication network trained to determine how many events are in the data segment. If

events are present, I input the data into another trained network to extract the micro-

seismic event features. First, I train the network on correlated acoustic waveforms

from a V (z) model and the Otway model to test this framework. Next, I trained

the network on data simulated using a smooth version of the true velocity model for

the Otway example to replicate what I would get from tomography methods. And

then test the network on data corresponding to the true model. A source igniting low

frequency from my results, considerable energy located in a better-illuminated part

of the model is easier to predict. On the other hand, a source igniting high frequency,

low energy located on the model edges is harder to predict accurately. In addition,

the network is generally insensitive to random noise, which makes it more stable and

useful when dealing with real data, though field data tests represent an important

milestone that has yet to be reached for the method to be validated.

In Chapter , I built a CNN framework that can e�ciently and accurately predict

the microseismic event locations from microseismic monitoring data. To prepare the

training and testing data, I interpolate data with a sinc function and cross-correlate

a reference trace from a data segment with the rest of the traces. This process moves

the events to the zero-lag position while retaining the key feature (event shape and

curvature). I train the network on synthetic acoustic waveforms from a given field

monitoring velocity model. I use a semi-synthetic method of adding field noise ex-

tracted from the correlated field data to the synthetic training data to close the gap

between the training and field testing data. I also combine a convolution and an

auto-correlation step of the field and synthetic data to reduce the di↵erence between

the training and testing data. The training is based on a multi-stage strategy, and

I use certain regularization terms to avoid the over-fitting problem, such as weight

decay and dropout. From the results, the used method can predict the event locations

e�ciently and accurately. The field data experiment demonstrated that the approach
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could predict the location of microseismic sources compared to conventional methods,

especially for those events in which the reference location matches the physics used

in the network’s training.

Discussion of limitations

During my whole Ph.D. research, I mainly focus on two kinds of microseismic locat-

ing methods, the physics-driven FWI based methods and the data-driven machine

learning methods.

The used FWI methods can produce the source locations, source time functions, and

the velocity model with a high resolution. These methods highly rely on the physical

assumption I use to solve the problem, including the wave equations for data simula-

tion, the gradient updating strategy, the data illumination of the physics model, ex.

The more complex conditions I consider, the more accurate the physical process will

be. Thus, a higher resolution of the model and higher accuracy of the located events

will be. However, a big limitation of the FWI methods is the computational cost.

It requires high computational power when dealing with thousands of microseismic

sources in the inversion. Considering more complex physical models, such as elastic,

3D, and anisotropic models, the computational cost will increase accordingly. Thus,

the trade-o↵ between the computational cost and the result accuracy should be seri-

ously considered.

The performance of the FWI methods also depends on the data illumination of the

region. A good result as a conventional surface survey is expected if I have more

illumination provided by wider aperture data. However, the nature of microseismic

monitoring surveys is that the sources are buried deeply in the Earth and transmitted

waves dominant in the seismograms. Such transmitted waves provide a poor illumi-

nation of the area of interest, mainly along the wave paths between the clustered

passive sources and the limited receivers. Moreover, lack of reflection energy in the
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records leads to poor resolution in the inverted velocity models. It is mainly due to

the FWI theory, which I have discussed in the previous chapters.

Another limitation of the FWI based methods is the initial conditions to start the

inversion. I may face a failure in the inversion if the initial values are too far from

the true ones, which is a problem with most inversions. Thus, a prior study of the

area is generally needed. Further study of adding regularization terms or artificial

low-frequency components, such as waveform envelope methods, can be addressed to

release the inversion from crucial initial conditions.

Last but not least, high-quality data with a reasonably high S/N ratio would often be

needed. Better data will always lead to better inversion results, providing the same

other conditions. Additional study in the future will hopefully reveal the limits on

the initial values for the inversion, or in other words, the boundaries of the basin of

attraction.

The data-driven ML-based methods especially supervised learning such as what I have

used in the dissertation, require a su�ciently large amount of training data, which

shares the same features as the testing data. We generally have three ways to obtain

data in seismic imaging: synthetically generated data, laboratory-generated data,

and field-collected data. Machine learning, especially supervised learning, requires a

su�ciently large amount of training data, which have the same features as the testing

data. In addition, the training data have to be easy labeling. Otherwise, the data

preparation will be expensive and time-consuming. Thus, in this dissertation, I first

use a semi-synthetic strategy that the training data samples are synthetically gener-

ated, and pre-processing steps are applied to make the training data similar to the

field data. Then, I use the convolution operation with auto-correlated data between

the synthetic training and the field data to greatly mitigate their di↵erence, inspired

by my previous study of the source independent FWI objective function. Despite the

training data generating methods being good enough for the network’s performance,
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the supervised learning strategy still requires many training data. However, generat-

ing data consumes a lot of computational costs, which is similar to the FWI methods.

Thus, how to use a small amount of data to reach a good performance on the testing

data is worth studying. In my view, unsupervised learning may be a good solution.

Though using the pre-processing methods in this dissertation can make the synthetic

data look like the field testing data, the network’s performance on the field data is

highly dependent on the quality of the synthetic training data and the similarity to

the field data. There are still some aspects that I have not yet included in my study.

When generating the data, I assumed that the forward modeling operator fully rep-

resents the physical process in the media, and the velocity model I use is accurate.

However, the velocity model is generated by well-log information and calibrated by

perforation shots. It is a simple estimation of the true Earth’s structure. Thus, the

key features, mainly the event curvature, of the synthetic data are not the same as

the field data.

Besides, I use an acoustic wave equation as the modeling operator and a point source

as the source mechanism, which means I ignore the elastic e↵ect and the source mech-

anism influence. These factors will directly influence the quality of the training data

I generated, and the corresponding error in the field data performance is beyond the

method’s ability. The provided event locations are also estimated by the inaccurate

velocity model and other assumptions. Thus, I use such locations as reference labels,

which cannot be considered ground truths. Besides, the trained networks are highly

dependent on the specific area of interest. When transferring to another dataset or

velocity model, the network is kind of useless. Thus, the generalization of the used

data-driven methods to adapt to any velocity model and monitoring systems is worth

further studying.

Although I refer to the ML-based methods as data-driven, they are not purely data-

driven. The approach I used to generate the synthetic training data fully depends
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on physical equations. The data generation is a complete physical procedure that is

exactly the same as the forward modeling required in FWI based methods, except for

the velocity model and the forward modeling operator being di↵erent. In addition,

the labels we predict are selected based on their unique physical influence on the

seismic data, which also relates to physics. Thus, it would be more proper to call the

network training data-driven instead of the whole method.

Moreover, I have tested more neural network architectures that are famous in the

ML community, not only CNNs but also recurrent neural networks (RNN). Seismic

records are time-related. It means the data embed the temporal evolution of wave

propagation that can be extracted and used to predict some data features. However,

from my study, RNNs are more prevalent in microseismic event detection or earth-

quake warning. A better way to predict the event location is to utilize the relative

changes along the trace axis, which is what we used. Thus, using CNNs to extract

visualization features in the seismogram images is the approach used in this disser-

tation. Among all the CNN architectures, I finally choose to use the VGG-shaped

CNN simply because of my experiments on di↵erent CNNs. The VGG-shaped CNN

showed the best performance in my experiments. However, other more advanced and

recently developed deep CNNs are definitely worth testing. The network size and

the hyper-parameters used in the dissertation are decided mainly from experience.

Decreasing the depth of the network will lead to insu�cient feature extraction from

the input data. Meanwhile, increasing the network depth more than needed will

not lead to better performance but slow down the training process and introduce

over-fitting issues. Another way to fine-tune the number of neurons, which is quite

popular in data science, is to continuously increase the network size until we face a

slight over-fitting phenomenon. Then, starting from there, I add weight decay, data

augmentation, and other normalization terms to the network to overcome the over-

fitting. Since I use batch-normalized layers in my networks, it is better to disable the
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bias in the convolutional layers, which Nvidia ML scientists also suggest. Quantifying

the network size and fine-tuning the hyper-parameters are still being studied by ML

scientists, which is beyond the scope of the dissertation.

The methods described in the dissertation can be used not only in microseismic mon-

itoring for resource exploration purposes but also in global earthquake monitoring

and locating. For example, the methods can be applied to the KNMI, and the NAM

networks in Groningen, Netherlands, which continuously monitor the induced micro-

seismic events during gas production and the earthquakes caused naturally by fault

fractures. The networks can possibly distinguish whether the passive event is an in-

duced microseismic event or a natural earthquake by labeling the event amplitude

and location with real-time e�ciency.

Future research work

I have made my e↵orts in considering the potential solutions when accomplishing the

work. Some of the challenges have been recognized and addressed when implement-

ing the used methods to field data. However, there are always new challenges dealing

with di↵erent datasets. Thus, we need to find the corresponding solutions to those

new tasks. Furthermore, with the rapid development of science and technology, new

methods and ideas appear every day, making it possible to develop advanced methods

to solve more challenges. From my point of view, I would like to share some of the

potential extensions of my current work. Briefly speaking, the work presented in this

dissertation can be extended in the following directions for further research.

1. Applying the source independent waveform inversion method to elastic anisotropic

media. In my dissertation, I have considered only elastic isotropic and acoustic

anisotropic media. However, the real Earth is elastic anisotropic. Thus, by con-

sidering such complicated cases, the wave propagation in the Earth should be more

accurate than my estimation, which will result in more accurate source locations.
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By inverting for anisotropic elastic parameters, we can also define the source mecha-

nisms using the source images and the integrated source functions as I have discussed

Chapter . However, elastic anisotropic parameterization is much more complicated

and computationally costly, especially in the 3D case. Some studies have already dis-

cussed it, though they are considering active seismic surveys [139, 140, 141]. There-

fore, I would suggest a thorough analysis of the parameterizations and trade-o↵s

between multi-parameters. Furthermore, seismic data analysis is also critical when

implementing the 3D waveform inversion methods to field data.

2. Using other optimal objective functions to release the inversion from crucial initial

conditions. I use the source independent objective function in my dissertation to

avoid the unknown source time cycle skipping. However, there are other solutions to

this issue, for example, the adaptive waveform inversion, which compares the arrivals

globally within a time window and, in some cases, is free of cycle-skipping.

3. Using advanced wavefield reconstruction techniques to avoid frequent I/O op-

erations in computers to speed up the gradient calculation. The reconstruction of

wavefields is a huge memory consumption process for 3D elastic FWI because all the

wave fields should be kept (or reconstructed) in the memory to avoid frequent I/O op-

erations. Thus, many studies have been published to address this issue, which would

be helpful to extend my current research. For example, the boundary saving meth-

ods [142, 143], the checkpoint methods [144, 145], the interpolation methods [146],

and excitation-time imaging methods [147, 148, 149] are proposed to reconstruct the

wavefields or greatly reduce the saving data volume.

4. Quantify the uncertainty of the results. The results of the FWI-based methods

lack uncertainty analysis for the current stage. Further study may involve quantifying

the uncertainty regarding the source location, time, and moment tensor inversions.

5. Estimation of the Hessian matrix. The FWI based methods in the dissertation re-

search have not considered the full Hessian matrix estimation due to the large model
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space in seismic inversion. Thus, we only considered the pseudo-Hessian to help im-

prove convergence, which was the diagonal elements of the full Hessian, aiming to

optimize the gradients. However, it is worth investigating ways to find a practical

estimate of the Hessian, for example, using ML-based methods.

6. Using machine learning to predict the source mechanisms from elastic seismic

data. In my dissertation, the event locations, peak frequencies, and magnitudes have

been considered the output labels for CNNs. Moreover, CNNs can also predict the

source mechanisms or the seismic moment tensors, which are important features that

interest engineers and scientists. When generating the training data, one can use an

elastic wave equation with source mechanisms as the forward modeling engine, which

allows the training data to behave di↵erently with di↵erent seismic moment tensors.

7. Generalization of the used machine learning methods, probably using transfer

learning. The experiments in Chapters and are ideal or specific to an experimental

setup. When changing to another dataset or monitoring system, the network has to

be trained again. One possible extension is to generalize the network training to suit

any velocity model or monitoring system for further study. Transfer learning can be

an approach to solve the generalization problem. One can use a pre-trained network,

fix the current network weights, and add certain new neurons to be trained and fit

the new problem.

8. The possibility of using unsupervised learning methods to enable good performance

with a small amount of training data. One disadvantage of the used methods and

any other supervised learning is that a su�cient amount of training data with the

same features as the testing data has to be generated. Data generating requires great

computational cost. Using unsupervised learning methods can be a solution because

unsupervised learning does not require too much training data. Moreover, one can

use machine learning data generators, such as variational auto-encoder (VAE), to

generate new training data with almost no cost. However, training such a generator
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is also a big challenge.

9. The opportunity to use ML-based methods to update the velocity model or help

the convergence speed of the FWI methods is desired. Recently, some researchers

suggested that we can use neural networks to update the velocity under an FWI

scheme, which reduces the high computational cost required by the FWI method

[150]. Further studies may combine such ML-based FWI techniques for e�cient and

high-resolution velocity model building using passive seismic data, which will help

achieve higher accuracy in passive event locating problems. This hybrid method will

not require too many changes to the dissertation’s ML methods but a more complex

iterative nested approach containing more parameters.
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APPENDICES

A Gradient calculation for model parameters with the

conventional objective function

Here I derive the gradients of the objective function, equation 9, with respect to the

model squared velocity m(↵, �), source images �m(�↵, ��) and source function w:

dE(u) = @E
@mdm+ @E

@�md�m+ @E
@[wij]

dw =
R
t dt(u� d)du, (A.1)

The elastic displacement field for a constant density satisfies

utt �r · (m : ru) = r · (�m : w), (A.2)

where : is the Frobenius inner product operator. The subscription tt means the

second-order derivative with respect to time. The total derivatives of u is given by:

dutt = r ·rdu : m+r · dm : ru+r · dw : �m+rd�m : w. (A.3)

Thus, du can be written as:

du = (
@
2

@t2
�r · (m : r))�1(r · dm : ru+r · dw : �m+rd�m : w). (A.4)
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I have three terms for dm, dw and d�m. The adjoint wavefield for back-propagating

the data residual into the medium is given by:

û = (
@
2

@t2
�r · (m : r))�T(u� d), (A.5)

where T is the adjoint operation.

To calculate the gradient for m(↵, �), �m or w, I substitute du into equation A.1 to

get

dE =

Z

t

dt(
@
2

@t2
�r · (m : r))�1(u� d)(r · dm : ru+r · dw : �m+rd�m : w)

=

Z

t

dt(r · ( @
2

@t2
�r · (m : r))�1(u� d) : rudm

+r · ( @
2

@t2
�r · (m : r))�1(u� d) : �mdw

+r · ( @
2

@t2
�r · (m : r))�1(u� d) : wd�m).

(A.6)

To calculate the gradients for each parameter, I set the other two parameters’ total

derivatives to zero (stays fixed in the current iteration). For example, to calculate

the gradient for m(↵, �), I set d�m = 0 and dw = 0, so I have

rmE =
dE

dm
=

Z

t

dtr · ( @
2

@t2
�r · (m : r))�1(u� d) : ru; (A.7)

Similarly, by setting dm = 0 and dw = 0, I can obtain the gradient for �m:

r�mE =
dE

d�m
=

Z

t

dtr · ( @
2

@t2
�r · (m : r))�1(u� d) : w, (A.8)

and finally I get the gradient for w by setting dm = 0 and d�m = 0:

rwE =
dE

dw
=

Z

x

dxr · ( @
2

@t2
�r · (m : r))�1(u� d) : �m (A.9)
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B Source Function Independent Objective Function

Adjoint Source And Gradient Calculation

I derive the gradients for the source function independent objective function with

respect to velocities c. In this case, the objective function without the optional total

variation term is given by:

Eind =
nrX

i

krik2 =
nrX

i

���dpredi ⇤ dobsref � d
obs
i ⇤ dpredref

���
2

, (B.1)

Taking the derivative of equation B.1 with respect to c(x, z) = [Vp;Vs]. The gradient

can be written as:

@Eind

@c
=

nrX

i

" 
@d

pred
i

@c
⇤ dobsref

!
· ri �

 
d
obs
i ⇤

@d
pred
ref

@c

!
· ri

#
. (B.2)

The first convolution term (
@dpredi

@c ⇤ d
obs
ref ) · ri in equation B.2 can be rewritten in an

integral form,

 
@d

pred
i

@c
⇤ dobsref

!
· ri =

Z +1

�1

Z +1

�1

@d
pred
i

@c
(t� ⌧)dobsref (⌧) ri (t)d⌧dt. (B.3)

Let ⌘ = t� ⌧ , thus, equation B.3 can be written as,

 
@d

pred
i

@c
⇤ dobsref

!
· ri = �

Z +1

�1

Z +1

�1

@d
pred
i

@c
(⌘)dobsref (t� ⌘) ri (t)d⌘dt. (B.4)
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@dpredi
@c (⌘) is now independent on t so I move it outside of the integration of t, which

gives,

 
@d

pred
i

@c
⇤ dobsref

!
· ri = �

Z +1

�1

@d
pred
i

@c
(⌘)

Z +1

�1
d
obs
ref (t� ⌘) ri (t)dt

�
d⌘. (B.5)

The partial derivative
@dpredi

@c (⌘) is calculated by the convolution between Ux,i and

Sx, where Ux,i is the adjoint wavefield of the ith back-propagated residual, Sx is the

source wavefield ignited at a virtual source location (since I do not know the true

source location) and x represents the model space location. Using the convolution

form to rebuild equation B.3, I obtain

 
@d

pred
i

@c
⇤ dobsref

!
·ri = �

Z +1

�1

Z +1

�1
Sx (⌘ � ⌧)Ux,i (⌧) d⌧

� Z +1

�1
d
obs
ref (t� ⌘) ri (t)dt

�
d⌘.

(B.6)

Again let ⌘ � ⌧ = t, then equation B.6 becomes

⇣
@dpredi

@c ⇤ dobsref

⌘
· ri =

Z +1

�1

Z +1

�1
Sx (t)Ux,i (⌘ � t) dt

� Z +1

�1
d
obs
ref (t� ⌘) ri (t)dt

�
d⌘

=

Z +1

�1
Sx (t)

Z +1

�1
Ux,i (⌘ � t) dobsref (t� ⌘) ri (t) d⌘

�
dt.

(B.7)

Because of the reciprocity of Ux,i, the inner integration
R +1
�1 Ux,i (⌘ � t)dobsref (t� ⌘) ri (t) d⌘

can be considered as a back-propagation of the new data residualR(1)
i =

R +1
�1 d

obs
ref (t� ⌘) ri (t) dt.

A similar derivation can be used for the second term of equation B.2, which is

�
✓
d
obs
i ⇤ @dpredref

@c

◆
ri. I finally end up with

�
 
d
obs
i ⇤

@d
pred
ref

@c

!
· ri =

Z +1

�1
Sx (t)

Z +1

�1
Ux,ref (⌘ � t) dobsi (t� ⌘) ri (t) d⌘

�
dt.

(B.8)

In equation B.8, the second term of the gradient is nothing but the back-propagation

of the second residual R(2)
i = �

R +1
�1 d

obs
i (t� ⌘) ri (t) dt.
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Thus, the gradient involves calculating the adjoint wavefields with the adjoint sources:

R
(1)
i = d

obs
ref

O⇣
d
pred
i ⇤ dobsref � d

obs
i ⇤ dpredref

⌘
, (B.9)

at the i
th receiver position, and

R
(2)
i = �d

obs
i

O⇣
d
pred
i ⇤ dobsref � d

obs
i ⇤ dpredref

⌘
, (B.10)

at the reference traces position.
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