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ABSTRACT

Data-driven artificial neural networks (ANNs) demonstrably offer a number of advantages over

conventional deterministic methods in a wide range of geophysical problems. For seismic velocity model

building, judiciously trained ANNs lead to the possibility of estimating high-resolution subsurface velocity

models at a low computational cost. However, a significant challenge of ANNs is training generalization,

which is the ability of an ANN to apply the learning from the training process to evaluate test data not

previously encountered during the training process. In the context of velocity model building, this means

learning the relationship between velocity models and the corresponding seismic data from a set of training

data, and then using acquired seismic data to accurately estimate unknown velocity models. While

generalizing to testing models with structures similar to those found in the training data has become a

manageable task as evidenced in the recent literature, extending generalization to more realistic scenarios

where testing models may exhibit drastically different velocity structures and/or distributions than those

in the training data set remains an important and ongoing research challenge. To address this issue, this

thesis develops and present the applications of a multi-scale approach inspired by physics-based

full-waveform inversion that uses recurrent neural networks to invert frequency-domain seismic data using

a frequency-stepping scheme. The input data consist of a sequence of seismic frequency slices that are fed

to the network progressively from the lowest available to the highest usable in the data. I combine this

approach with a hybrid training approach that merges background velocity gradient models with purely

geometrical and geologically realistic model structures. This combination increases the range of spatial

wavenumbers as wells as the variability of geological structures present in the training data. I demonstrate

the potential for improved generalization by comparing the model estimates results from two trained

networks: one using a hybrid set of models, the other with only geological models. I test the two networks

using subsets of the community BP2004 benchmark model with complex salt structures fully absent from

the models used in the training process. Qualitative analysis shows that models recovered using hybrid

training data are significantly more accurate than those recovered using geological training data alone, with

arbitrarily shaped salt bodies being accurately delineated by the trained hybrid network. In addition, I

demonstrate through a quantitative SSIM metric analysis that the developed RNN extends the range of

structures recoverable by the trained ANN. The developed approach illustrates the potential of neural

networks to learn the seismic velocity model building problem at a general level from a representative set of

training models, and opens the way for more research into improving the design of non-geological training

data to further improve network generalization.
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CHAPTER 1

INTRODUCTION

Seismic waves are commonly used as a remote sensing tool to investigate the earth's interior. The

seismic imaging problem is routinely divided into two separate steps: (1) estimating a smooth background

velocity model, and (2) using this model in migration applications to locate the sharp subsurface

discontinuities. The earlier days of seismic exploration used ray-based travel-time tomography methods [1]

for estimating the background velocity model; however, the past few decades have seen the rise of

wave-equation migration velocity analysis (MVA) methods [2{6] that are based on computing numerical

solutions of the governing acoustic (or elastic) wave equation. Although these methods have been largely

successful in strati�ed media characterized by weak lateral heterogeneity (i.e.,v � v(z) pro�les), these

methods faced serious limitations when encountering complex velocity models (i.e.,v = v(x; y; z) pro�les).

The aforementioned velocity model building limitations motivated the development and re�nement of

full waveform inversion (FWI), which is the process of obtaining a high-resolution subsurface velocity

model that minimizes the mis�t between observed and forward modeled seismic data [7, 8]. FWI uses the

full waveform (i.e., phase and magnitude), not just the kinematics (travel time) as in most traveltime

tomography applications, to recover absolute estimates of earth model parameters used in ensuing seismic

interpretation, reservoir characterization, and direct hydrocarbon detection analyses. However, there are

two main challenges of FWI. The �rst and fundamental challenge is that FWI is highly non-linear because

the governing acoustic (or elastic) wave equation is itself non-linear with respect to model parameters.

This leads to non-convex objective functions with numerous local minima, a factor which routinely

prevents gradient-descent methods from successfully converging to the global minimum [9]. A second more

practical issue is that FWI is computationally expensive due to the need to perform 3-D full-wave�eld

simulation for hundreds or thousands of sources per FWI iteration through a model that may have millions

to billions of grid points.

The severe non-linearity of FWI is usually manifest in the phenomenon of cycle skipping. Due to the

oscillatory nature of seismic waveforms, if the initial earth model produces simulated seismic data that are

more than half a period shifted from the observed data, then the optimization algorithm mistakenly

matches cyclical waveforms, which causes the model to converge to a local minimum that may be far away

from the global one. Thus, an initial model that simulates data to within half a cycle of the observed data

is a precondition for accurate FWI implementation. Unfortunately, such models are challenging to produce

and rarely available in realistic seismic exploration situations.
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Because the kinematics of wave propagation are largely governed by the low-wavenumber

(long-wavelength) velocity model components, the FWI process bene�ts by recovering these components

�rst to move the inversion to the vicinity of the global minimum. Sirgue and Pratt [10] show that the

low-wavenumber velocity model components can be recovered from data using either low frequencies or far

source-receiver o�sets. This observation prompted the development of a multi-scale FWI approach, where

the lowest frequencies available in the data are inverted �rst to recover the longer wavelength model

components, followed by higher frequencies to in�ll shorter wavelength detail [11]. Nevertheless, in the

absence of an accurate initial model, frequencies as low as 1 or 2 Hz may be required to successfully guide

the inversion process in the �rst few iterations. Unfortunately, frequencies in this range are di�cult to

stimulate and record with a high signal-to-noise ratio due to mechanical limitations of land or marine

seismic sources. The FWI non-linearity problem has been addressed extensively in the literature with

proposed solutions that include di�erent methods for computing the mis�t function, model regularization,

arti�cial low-frequency data generation, and gradient conditioning.

1.1 Enter Machine Learning

The resurgence of machine learning (ML) techniques in recent years, driven largely by advances in GPU

computing, is introducing new paradigms for automated velocity model building that do not inherently

su�er from the aforementioned challenges. Arti�cial neural networks (ANNs) have been applied

successfully in a variety of seismic applications, including seismic processing [12], automated �rst-break [13]

and velocity picking [14, 15], least-squares migration (LSM) [16], amplitude variation with o�set (AVO)

inversion [17], automated horizon and fault interpretation [18{20], and seismic data interpolation [21].

More importantly in this context, ANNs have been used to either augment FWI to reduce the non-linearity

issues and speed up convergence [22{26], or to perform the inversion themselves [27{31].

Neural networks consist of an input layer, one or more hidden layers, and an output layer. The input

layer receives the input data, and the hidden layers process the input data through a series of

mathematical operations (often involving weights and biases) to produce a prediction at the output layer.

During the NN training process, training data are input into the network and processed through a forward

pass to produce the corresponding network outputs. The di�erence between the true and predicted outputs

then can be computed using a prede�ned loss (i.e., objective) function, and the network weights are

updated using a backpropagation process [32]. Due to the loss function being highly non-convex, using a

�xed learning rate (i.e., step length) slows convergence and carries the risk of becoming stuck in a local

minimum. To speed up convergence to the global minimum, the adaptive moment estimation (ADAM)

algorithm is often used. ADAM adjusts the learning rate for each parameter based on previous gradient
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step information. It maintains two running averages for each weight: one for the gradients themselves and

another for their squared values. The �rst average gives ADAM a sense of the direction and magnitude of

the recent gradients, acting like a momentum, pushing updates in consistent directions. The second

average helps ADAM adjust the size of the updates based on the historical variability of each gradient.

After each training epoch (i.e., iteration), the network is tested using a set of input-output pairs,

termed validation data, that were not used in the training process. This step serves as a test of whether

the reduction in the training loss function value is the result of the network learning the relationship

between the inputs and outputs, or merely memorizing them. When training and validation losses both

decrease, this indicates that the network is actually \learning" the relationship between input and output

pairs. However, when the training loss decreases while the validation loss remains the same or is increasing,

this indicates that the network is merely \memorizing" the input-output relationships. That is, the

validation data test e�ectively evaluates the network's ability to generalize. Network generalization is

de�ned as the ability of a trained neural network to make accurate predictions on as yet unseen data.

Thus, generalization is a key ML goal because it enables models to make accurate predictions on data not

before seen, which is essential for their usefulness in real-world applications.

1.2 Research Challenge

For the seismic velocity model building problem, the challenge of generalization translates to whether

the trained network is able to recover models not used in the training process. Seismic velocity model

building is usually implemented using a neural network architecture that operate in an end-to-end manner,

meaning that it receives seismic data as its input and constructs a velocity model as its output in a single

step. This is in contrast with deterministic approaches where the �nal velocity model is generated through

a series of steps that require iterating on an initial velocity model estimate. In addition to following the

end-to-end principle, these approaches typically rely on supervised learning, which requires training data

containing both velocity models and their corresponding seismic data. Selecting appropriate training

models is among the most critical factors that in
uence the network's generalization ability.

The task of generalization becomes even more di�cult in velocity model building applications because

seismic data often are acquired in areas where the geology is largely unknown, and designing training

models requires knowledge about the subsurface geology in the area of interest. Because that is not

possible in some instances, a network must adequately generalize to out-of-distribution (OOD) testing

models for it to be usable in realistic situations. That is, the network needs to recover accurate velocity

models even if the testing model has a velocity distribution di�erent than those in the training data set.
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In most published work on this topic, the trained networks succeeded in recovering testing models not

used in the training process. However, the testing models were generated using the same engine that

generated the training data, which means they have a similar velocity distribution as well as the type of

geological structures as the training data. The work presented in this thesis extends the de�nition of

generalization to the more realistic case of the trained network being able to recover subsurface models

that have an unknown (but bounded) velocity distribution and may have structures that are drastically

di�erent from those found in the training models.

There are two common themes in the majority of the publications that apply NNs to tackle the seismic

velocity model building problem. First, the numerical simulations and analysis are performed in the time

domain and thus require entire seismic shot gathers to be fed simultaneously into the network. This often

results in a input data volumes that place strong restrictions on the experimental model size due to GPU

memory hardware limitations. This problem is usually mitigated by feeding the shot gathers to a series of

encoding layers that transform the large input data to a much smaller latent vector that encompasses what

the network �nds to be the most important input data features. This is usually followed by a series of

decoding layers that transforms the latent vector into a velocity model. While it reduces the input data

size, the encoding process does not give the user the option to separate di�erent data scales whether by

frequency content or by source-receiver o�set. It encapsulates the burden of de�ning the most important

features in the data to a black box, represented through the encoding layers. Therefore, it does not lend

itself to the strategies usually used to mitigate FWI non-linearity, chief among which is the multi-scale

approach.

The second common theme is that, while sharing an autoencoder network architecture with some

variations, they address the generalization problem in one of two ways. The �rst approach is to incorporate

physics into the neural network dynamics by including some form of the wave equation in the loss function

[25, 33]. The second approach focuses on building \geologically realistic" velocity models of the subsurface

[34, 35]. The former usually increases network training costs, sometimes to the equivalent of a single FWI

iteration per training epoch. The latter assumes prior knowledge of expected subsurface structures and

velocity distribution in the area of interest, an assumption that does not hold where insu�cient geological

information is known to construct such models. There has been no investigations of how increasing the

variability of structures in training data by augmenting the geological structures with, e.g., purely

geometric shapes would a�ect the network generalization.

To address the issue of the input data size, I develop a novel frequency-stepping NN approach that

exploits the multi-scale FWI strategy. The input data consist of frequency slices, as opposed to

time-domain shot gathers. In a sense, applying the Fourier transform and extracting a discrete number of

4



frequency slices can be viewed as performing a job similar to that of an encoding network - though doing so

in a manner fully transparent to the user. In general, the Fourier transform produces an output with the

same number of parameters as its input. Nevertheless, in practice, a limited number of output frequency

slices are needed to recover an accurate subsurface velocity model [36]. Thus, there are three important

advantages of the developed frequency-domain approach over the encoding-decoding strategy: (1) it is

more memory and computationally e�cient; (2) the input frequency slices have a physical meaning, as

opposed to the encoded latent vector; and (3) the user has the power to select what frequencies to use and

in which order.

To address the issue of network generalization, I develop a novel approach that combines di�erent

classes of training models to increase training data variability. Restricting the training models to a certain

set of geological structures also limits the network's ability to recover velocity models of other types.

Regardless of the geological realism of the training models, the network will be unable to recover structures

not explicitly included in the training data. Conversely, the training model variability can be increased by

augmenting geological models with other model classes constructed from randomly generated velocity

structures. This would improve the network's ability to recover velocity models that cannot be predicted

during training, which is the case in areas with unknown geology.

1.3 Thesis Outline

The thesis is structured into three technical chapters, two of which have been published in

peer-reviewed journals, and one of which will be submitted for publication. As the student �rst author of

the following technical chapters, I developed the theory and performed the numerical computations. As the

thesis advisor and co-author, Dr. Je�rey Shragge supervised the analytical and numerical �ndings. Both

authors discussed the results and equally contributed to writing the manuscripts and documenting the

research work.

Chapter 2 explores the feasibility of using purely geometrical velocity models to train a convolutional

neural network (CNN) to solve the seismic velocity model building problem. I train two 1D CNNs with the

same hyperparameters but di�erent training data. One network was trained using geological training

models, not dissimilar to those commonly used in training the vast majority of neural networks in the

literature; the other was trained using purely geometrical training models. The geometrical training models

consist of squares with randomly assigned velocities that were not prescribed to follow any coherent

structure. The network trained using the geometrical shapes recovered a wide range of geological

structures, even those with drastically di�erent properties than found in its training data set. In addition,

despite their rudimentary structures, geometrical training data showed slightly improved generalization
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capabilities than geological training data because they were not biased toward any speci�c geological

structures. This analysis demonstrates the potential bene�t of using geometrical shapes in the training

data set to improve generalization. This chapter has been published inGeophysics:

ˆ Alzahrani, H. and J. Shragge, 2022, Seismic velocity model building using neural networks: Training

data design and learning generalization: Geophysics, 87, no. 2 ,R193{R211.

Chapter 3 develops a novel approach to building seismic velocity models using neural networks. Instead

of the prevalent approach of using time-domain shot gathers as the network input, followed by an encoding

layer to reduce its size, I use discrete frequency slices generated by applying a Fourier Transform to the

input data set and extracting a subset of available frequencies. In addition to drastically reducing the size

of the input data, this approach allows for exploiting the multi-scale strategy widely used to mitigate FWI

non-linearity challenges. I develop a frequency-stepping velocity model building approach that uses a

sequence-to-sequence recurrent neural network (RNN) with built-in long short-term memory (LSTM). The

input sequences to the LSTM-RNN consist of the frequency-domain seismic data ordered by frequency

from lowest available to highest usable or chosen, while the corresponding output sequences are

frequency-dependent smoothed velocity models. Qualitative and quantitative analysis show that the

proposed approach recovers accurate velocity models, with the recovered model resolution improving with

increasing input frequency. This chapter has been published inIEEE Transactions on Geoscience and

Remote Sensing:

ˆ Alzahrani, H. and J. Shragge, 2022, Seismic Velocity Model Building Using Recurrent Neural

Networks: A Frequency-Stepping Approach: IEEE Transactions on Geoscience and Remote Sensing,

60 ,1-9 (© 2023 IEEE)

Chapter 4 aims to signi�cantly improve the generalization capabilities of the frequency-stepping neural

network by proposing a novel hybrid training data approach that consists of a combination of geological

and purely geometric training data. As opposed to the squares-only models used in Chapter 2, I use a

more elaborate process to construct continuous random geometric shapes. In addition, I improve the

frequency-stepping network by replacing the fully connected layers constituting the LSTM cell with

convolutional layers. In addition to being more computationally e�cient, convolutional RNNs preserve the

spatial distribution of the di�erent input receiver data. That is, the input data can be arranged as a 2-D

array, with each shot data occupying a row, as opposed to 
attening the 2-D array into a 1-D vector as is

done in fully connected RNNs. To demonstrate the potential for improved generalization when using

hybrid training data sets, I compare the model estimates results from two trained networks: one using a
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hybrid set of models, the other with only geological models. Next, I test the two networks using subsets

extract from the BP2004 benchmark model [37] with complex salt structures that are fully absent from the

models used in the training process. Qualitative and quantitative analyses show that models recovered

using hybrid training data are signi�cantly more accurate than those recovered using geological training

data alone, with arbitrarily shaped salt bodies being accurately delineated by the trained hybrid network.

Chapter 5 presents the general conclusions of the thesis along with a discussion of future work to

further improve the network applicability to �eld data.
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CHAPTER 2

SEISMIC VELOCITY MODEL BUILDING USING NEURAL NETWORKS: TRAINING DATA DESIGN

AND LEARNING GENERALIZATION

2.1 Abstract

Data-driven arti�cial neural networks (ANNs) o�er a number of advantages over conventional

deterministic methods in a wide range of geophysical problems. For seismic velocity model building,

judiciously trained ANNs o�er the possibility of estimating high-resolution subsurface velocity models.

However, a signi�cant challenge of ANNs is training generalization, which is the ability of an ANN to apply

the learning from the training process to test data not previously encountered. In the context of velocity

model building, this means learning the relationship between velocity models and the corresponding

seismic data from a set of training data, and then using acquired seismic data to accurately estimate

unknown velocity models. We ask the following question: what type of velocity model structures need be

included in the training process so that the trained ANN can invert seismic data from a di�erent

(hypothetical) geological setting? To address this question, we create four sets of training models:

geologically inspired and purely geometrical, both with and without background velocity gradients. We

�nd that using geologically inspired training data produce models with well-delineated layer interfaces and

fewer intra-layer velocity variations. The absence of a certain geological structure in training models,

though, hinders the ANN's ability to recover it in the testing data. We use purely geometric training

models consisting of square blocks of varying size to demonstrate the ability of ANNs to recover reasonable

approximations of 
at, dipping, and curved interfaces. However, the predicted models su�er from

intra-layer velocity variations and non-physical artifacts. Overall, the results successfully demonstrate the

use of ANNs in recovering accurate velocity model estimates, and highlight the possibility of using such an

approach for the generalized seismic velocity inversion problem.

2.2 Introduction

One of the biggest challenges in seismic exploration is building a velocity model that minimizes the

mis�t between observed and forward-modeled seismic data. Full waveform inversion (FWI) [7, 8] has been

one of the most successful deterministic approaches for estimating high-resolution models. However,

because the governing wave equation is non-linear with respect to medium parameters, FWI is

characterized by non-convex objective functions with numerous local minima that frequently forestall

convergence of optimization-based methods toward the globally minimum solution [9].
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An interesting alternative to deterministic velocity model building approaches is to use arti�cial neural

networks (ANNs). ANNs have been successfully applied in a variety of seismic applications, including

seismic processing [12], automated �rst-break [13] and velocity [14, 15] picking, least-squares migration

(LSM) [16], amplitude variation with o�set (AVO) inversion [17], automated horizon and fault

interpretation [18{20], seismic data interpolation [21]. Other authors succeeded in using a combination of

FWI and ANNs to invert seismic data [22{24]. Additionally, ANNs have been used to generate solutions of

wave equations, which serve as the modeling engine for imaging and inversion problems. [38] implement

neural networks for simulating seismic wave�elds by solving the time-domain acoustic wave equation based

on training data sets generated through deterministic forward modeling of randomv(z) velocity models.

[39] show examples of an ANN-based velocity inversion of semblance cubes based on training examples

generated through curvilinear block models. [40] develop a 1D NN-based inversion methodology and

successfully apply it to estimate velocity models from 2D �eld seismic data.

While ANNs do not inherently su�er from challenges commonly associated with deterministic methods,

they have their own set of challenges. Foremost among them is training generalization, which is the ability

of a neural network to perform well when tested on data features not included in the training data set. An

important observation in previous applications of ANNs to the seismic inversion problem is that the data

sets used for the training and testing processes often closely resemble each other. While this may make

sense intuitively, an important question is how close do they have to be to achieve a successful testing

validation and accurate ensuing predictions on independent data sets with di�erent velocity model

characteristics (e.g., layer geometry, velocity structures, geobodies, faults)? Speci�cally for the seismic

velocity inversion problem, how close must the velocity models used for training and testing be to still

recover a reasonable velocity model prediction? This leads to a number of questions regarding the

ANN-based seismic velocity inversion training process: (1) Should the velocity models used for training be

highly \geological" (e.g., with plausible stratigraphic, structural, and petrophysical attributes), which can

be challenging to construct? (2) Can one use easy-to-de�ne geometric objects (e.g., squares with di�erent

size) for training purposes and still realize acceptable inversion results? or (3) Does one need to explicitly

include background velocity gradients in the training models to capture typical long-wavelength velocity

variations? In essence, how much geological and physical realism needs to be included in the training

velocity models to guarantee or at least maximize the probability of converging to an acceptable velocity

model?

In this work, we investigate the ability of a certain neural network architecture to recover di�erent

model classes through seismic inversion. We analyze how the features in a certain set of training velocity

models are imprinted in the structure of the recovered model estimates. To our knowledge, there has been
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limited published work that analyzes the ability of neural networks to predict velocity models with

structures that di�er greatly from those found in the training models. This problem is one example of

training generalization, which is one of the biggest challenges in the general �eld of machine learning and

more speci�cally in scienti�c applications. Therefore, understanding how the structure and scale length of

the selected training model features a�ect the accuracy and resolution of the predicted models is crucial

before ANNs can be used more broadly for seismic velocity inversion purposes.

We begin by introducing the basics of the seismic forward problem to show our approach for generating

training data. We then develop di�erent classes of training/testing data and explain how they are used in

our numerical experiments. Next, we present an overview of ANNs and, in particular, of convolutional

neural networks (CNNs). We subsequently explain how we use them to invert seismic data to estimate

velocity models. Finally, we present a series of numerical experiments designed to evaluate and better

understand the relationship between each input class of training models and the predicted output models.

2.3 Generating Training Data

Training an ANN requires training data that contain input-output pairs. Here, the input data consist of

surface seismic waveforms, while the outputs are the corresponding velocity models. To generate seismic

waveforms, we solve the 2D constant-density acoustic wave equation in the frequency domain using an

implicit �nite-di�erence (FD) scheme.

To train a neural network, we need to have a su�cient number of training data, where \su�ciency"

varies signi�cantly depending on the application. In the experiments described below, we use synthetic

velocity models and corresponding seismic datad to train the ANN. To assess the sensitivity of neural

networks to the velocity model structure used in the training process, we synthesized four di�erent classes

of P-wave velocity models with Vp values ranging between 1:5 km/s and 4:0 km/s.

2.3.1 Semi-Geological Models - Types 1a/1b

The �rst class of training velocity models coarsely mimics subsurface geologic structures. We term these

\semi-geological" because they are constructed using purely mathematical operations, but have layer-based

outputs constrained to avoid obvious geologically infeasible structures. We construct each velocity model in

a number of procedural steps. First, we specify a random number of layers and construct each surface

using a sequence of randomly generated numbers, including the number and locations of control points

de�ning the surface topology. Each randomly generated control point is constrained to avoid obvious

non-physical layer behavior and to ensure layer thicknesses do not become thinner than a pre-speci�ed

value. We then use cubic splines to construct layer interfaces by interpolating between the control points
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and extrapolating to the model boundaries.

The area between the constructed interface and the overlaying layer (or the free surface) is populated

with velocity values that depend on numerous factors that are set at di�erent levels. At the data set level,

we specify whether the current model belongs to \Type 1a" with a constant velocity value within each

layer or \Type 1b" where randomly selected layers are permitted to have velocity gradients. At the

individual model level, we randomly decide whether model velocities strictly increase with depth or

whether velocity inversions are permitted. Finally, at the layer level for Type 1b models, we randomly

choose whether the velocity of a given layer should be constant or have a linear gradient in one or both

directions. These steps are repeated until all layers are constructed. Figure 2.1(a) shows members of the

Type 1a data set where each model layer has a constant velocity, while Figure 2.1(b) shows Type 1b

examples where some layers have linear velocity gradients.

2.3.2 Squares-Only Velocity Models - Types 2a/2b

The second class of training velocity models is purely based on a simple geometric shape, where we

made no attempt to model geologic-like structures. Each velocity model consists of squares of the same

size, except when truncated at model boundaries. The �rst step in constructing a \squares-only" velocity

model is to randomly specify the square size, which we restrict to be between 1 and 25 grid points. Each

square is then assigned a distinct velocity value. Similar to the Type 1a/1b models, the velocity values

could be uniform over the entire square (\Type 2a" models) or varying gradually in one or both directions

(\Type 2b" models). Figure 2.2(a) shows members of the Type 2a data set where each square in each

model is �lled with a constant velocity; Figure 2.2(b) presents Type 2b examples where some squares have

linear velocity gradients in one or both directions.

2.3.3 Data Set Characteristics

For each of the model classes described above, all generated random numbers used in the velocity model

building process were drawn from a uniform distribution, where the minimum and maximum values are

�xed a priori. For training purposes, we generated 10; 000 velocity models for each model type. We also

generated 2000 and 10; 000 Type 1b velocity models for initial validation and subsequent testing,

respectively. We validate and test our neural networks using only Type 1b models because we are

interested in constructing more realistic layered models with velocity gradients. All models are of size

nx � nz = 50 � 50 grid points at a 10 m grid spacing. We chose these model dimensions mainly to increase

the e�ciency of generating velocity models, synthesizing seismic data, and training and testing each of the

four ANNs. The extension of the methods developed here to larger models should be straightforward in
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(a)

(b)

Figure 2.1 A number of members from the two sets of randomly generated \semi-geological" velocity
models, along with corresponding \pseudo-well" cross-sections extracted at the dashed line of each model.
Examples of (a) Type 1a velocity models with no velocity gradients and (b) Type 1b velocity models where
some randomly selected layers have velocity gradients.
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(a)

(b)

Figure 2.2 A number of members from the two sets of randomly generated \semi-geological" velocity
models, along with corresponding \pseudo-well" cross-sections extracted at the dashed line of each model.
Examples of (a) Type 1a velocity models with no velocity gradients and (b) Type 1b velocity models where
some randomly selected layers have velocity gradients.

13



principle, but becomes computationally challenging due to hardware limitations (i.e., limited global

memory of GPU cards). When modeling the frequency-domain shot gathers, we use the sources and

receivers situated on the grid every 20 m and 10 m, respectively. The �xed source and receiver arrays were

situated at a depth of 20 m. We used a 20 Hz Ricker wavelet and simulated seismic wave�elds using the

above approach for 30 frequencies from 3 Hz to 32 Hz at 1 Hz increments. The complex data components

were saved for the training and testing procedures discussed below.

2.4 Arti�cial Neural Networks

ANNs consists of cells that are grouped in di�erent ways to form hidden, input and output layers. The

cells of the hidden layers are connected to all of those in the previous/ensuing layer via weights, which

determine how information 
ows between the input and output layers. Neurons in the input and output

layers only have outgoing and incoming connections, respectively. Figure 2.3(a) shows an ANN with a

single hidden layer as well as the connections between the input layer and the �rst neuron in the hidden

layer. This diagram indicates that the �rst neuron in the hidden layer is in
uenced by all the neurons in the

previous layer as well as the connective weights. If a neural network has more than one hidden layer (i.e.,

between the input and output layers), it is usually referred to as a deep neural network where the depth is

de�ned by the number of hidden network layers. Because deeper ANNs can learn features at di�erent levels

of abstraction [41], more complex non-linear functions need additional hidden layers to approximate them.

The �rst step in performing a forward run of a neural network is populating each cell in the input layer

with an initial data value. One then evaluates the value at each cell in the �rst hidden layer in three steps:

(1) compute the weighted sum of all the values in the previous layer (the weights being a trained

parameter), (2) add a bias (another trained parameter), and (3) pass the result through a non-linear

\activation" function to introduce non-linearity into the system. The bias shifts the activation function

from the origin, similar to the intercept in a linear equation, and is of crucial importance in the learning

procedure. This process is repeated for each cell in subsequent layers until the output layer is populated.

To evaluate the value of any cell in the hidden or output layer in Figure 2.3(b), we use

a( l )
j = �

"
NX

i =1

�
a( l � 1)

i w( l � 1) ! ( l )
i ! j

�
+ b( l )

j

#

; (2.1)

where a( l )
j is the cell's value with the subscripts and superscripts representing the cell and layer index,

respectively; � is the non-linear activation function; and N is the number of cells in layer (l � 1). Because

weights connect two cells in successive layers, the subscript onw( l � 1)
i ! j denotes the indices of the cells

connected, while the superscript indicates their corresponding layer indices. Because a single bias value is

added for each cell,b( l )
j has the same layer and cell indices asa( l )

j . Only the weights and biases are updated
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(a) (b)

Figure 2.3 A sketch of a simple feed-forward neural network (FFNN). (a) The connections between the
input layer and the �rst neuron in the hidden layer demonstrate how the value of that neuron is computed.
(b) All connections from the input layer to the output layer.

during the training process. The other \hyper-parameters" are tuned for each application by trial and

error based on the network performance during the testing/validation process in terms of matching the

expected output.

The problem of �nding the optimal weights and biases can be posed as an inverse (or optimization)

problem. In each iteration, all inputs in the training data are injected into the input layer, and then an

output is computed using the weights and biases of the current iteration. The predicted and expected

outputs are compared using a similarity-measuring function, and the discrepancy between the two is used

to update the network parameters through backpropagation [32].

To measure the di�erence between the predicted and expected outputs, we use the mean squared error

(MSE) metric,

E =
1
m

mX

i =1

(ŷi � yi )
2 ; (2.2)

where yi is the expected output for a given input in the training data, ŷi is the estimate predicted by the

neural network (a function of the weights and biases of the neural network), andm is the number of model

parameters. The MSE metric is commonly used in regression problems and is similar to the least-squares

objective function commonly used in the data-domain FWI approach.
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The training data set usually has a very large number of input-output pairs. If the above process were

performed simultaneously on the entire training data set, the associated training cost can make this

approach intractable. Therefore, we partition the set of training data into batches, with the batch size

being a network hyper-parameter. We then update the network parameters more e�ciently using the

stochastic gradient descent method [42], where batches are inverted in parallel. This obviates the need to

perform a simultaneous optimization process on a large number of training data. Passing the entire data

set through the training algorithm completes an epoch. One then can test the network to examine the

output predictions on data excluded from the training process.

2.4.1 Learning Generalization

In the �eld of machine learning, the term generalization usually refers to the ability of a neural network

to predict the correct output of a set of input data not used in the network training. Most applications

implicitly assume that the testing and training data have the same features and characteristics [43]. This

represents an important test because low-loss networks that perform well on training data but poorly on

data never before encountered are those that simply \memorized" the connection between the input and

output training data and did not \learn" the underlying general connection.

Here, we further extend the term generalization to mean the ability of a neural network to predict

outputs that exhibit totally di�erent features and characteristics than the input data used in the training

process. Using the four classes of velocity models described above, we investigate the ability of an ANN

trained using data synthesized using one class of model to invert data synthesized using the same as well as

other model classes. This allows us to examine questions such as how well does an ANN trained on a Type

2a model (i.e., squares without velocity gradients) estimate a Type 1b model (i.e., semi-geological with

gradients)?

2.4.2 Convolutional Neural Networks

The ANN described above is an example of a fully connected feed-forward neural network (FFNN).

This network simply consists of a number of layers (an input layer, one or more hidden layers, and an

output layer), with each layer consisting of a number of neurons. Each neuron in a hidden layer is

connected to every single neuron in the previous and following layers (hence \fully connected").

A specialized and e�cient ANN architecture consists of a sub-class of neural networks referred to as

convolutional neural networks (CNNs). In contrast to FFNNs, the process of computing the weighted sum

of all neurons in the previous layer is replaced by convolving all neurons in the previous layer with a

convolutional operator (�lter) of a �xed size and trainable weight coe�cients. Similar to FFNNs, a
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non-linear activation function is applied to the output of the convolution process plus the bias. The

convolutional layer is usually followed by a max-pooling layer, which is a �lter of �xed size that slides

through the convolutional layer output and extracts the largest value. Hence, for a max-pooling �lter of

size three, each three neurons in the output of the convolutional layer are replaced by a single neuron to

downscale the output of the convolutional layer. For image recognition problems, using a max-pooling layer

leads to the bene�t of incorporating positional invariance of a certain image feature [44]. We use it herein

to increase the e�ciency of the training process.

To illustrate this process, Figure 2.4 shows the hidden layer in Figure 2.3 replaced by a 1-D

convolutional layer. Because the input and convolutional layers are fully connected (i.e., each neuron in one

layer is connected to each neuron in the other), the values at the �rst hidden layer (Figure 2.4b) are

computed using the process explained above for fully connected neural networks (i.e., equation 2.1).

However, because it is a convolutional layer, its output is computed di�erently. First, a �lter of

pre-speci�ed size (a CNN hyper-parameter) is applied to the input of the hidden layer (Figure 2.4c). In

this simple example, the �lter has a size of three neurons and slides by a stride of one over the input to the

convolutional layer. At each convolution step, the �lter weights are multiplied by the values of the

corresponding neurons and then summed to produce a single value that �lls a single neuron in the

convolutional layer output. Moving the operator through all the neurons in the input to the convolutional

layer generates the layer output (Figure 2.4d). The max-pooling layer (Figure 2.4e) uses another �lter of

size two sliding over the output of the convolutional layer and extracting the maximum value at each step

(Figure 2.4f). Because the output layer is fully connected to the max-pooling output, the values at the

output layer (Figure 2.4g) are computed using the procedure mentioned above for FFNNs (equation 2.1).

Convolutional layers can have more than one �lter, each with distinct trainable weight coe�cients. We use

this property of CNNs to invert frequency-domain seismic data by training a �lter for each modeled

frequency component.

2.5 Experiments

2.5.1 ANN Architecture

For computational e�ciency, we use a CNN with a single convolutional layer followed by a fully

connected layer. Deeper and more complex architectures provided only minimal improvements to the

predicted models accuracy at extra computational cost. The neural network used in our experiments

(Figure 2.5) begins with an input layer that receives the input seismic data as a 2-D array because the

input seismic data are sorted into frequency slices before injection into the neural network. Figure 2.6

illustrates how the input seismic data are sorted for a single frequency. The input layer is connected to a
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Figure 2.4 A sketch of an ANN that has (a) an input layer, (b)-(d) a hidden convolutional layer, (e)-(f) a
max-pooling layer, and (g) an output layer. (c) Shows how the convolution process is carried out using a
sliding convolution operator, with the output of each convolution step placed in the corresponding cell in
(d). Similarly, (e) shows a sliding max-pooling �lter, with the output of each step placed in the
corresponding cell in (f). The max-pooling layer is in turn connected to the output layer (g).
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30-channel 1-D convolutional layer, where each channel is assigned to a single frequency in the input data

(Figure 2.7). Hence, the convolutional layer has the same 30 channels as the input data and each channel

has 150 �lters (feature vectors) of size 2nx . We choose 1-D convolutional �lters to treat the recorded data

as a 1-D sequence of values (as opposed to a 2-D image). The �lter size is speci�ed to be 2nx to

concurrently handle the recorded real and imaginary data components corresponding to a single source.

This can be seen clearly from the arrangement in Figure 2.6, where the 2nx neurons for each channel carry

the data from a single source. The convolutional layer is then connected to a max-pooling layer of size

three, which is the maximum �lter size that proved to be computationally e�cient without losing

resolution in the velocity model estimates.

Figure 2.5 A sketch showing the architecture of the ANN used in all the experiments in this work.
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Figure 2.6 A sketch showing how seismic data for thei -th frequency (0 � i < 30) are sorted for input into a
single channel of the convolutional layer.nx is the number of grid points in the x direction, Ns and N r

denote the number of sources and receivers, respectively.

Figure 2.7 A sketch demonstrating how frequency-domain seismic data are injected into the intput layer of
the ANN. The convolutional layer has 30 channels, where each channel is assigned to a single frequency in
the input seismic data.
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After the max-pooling layer, we have a fully connected layer with a size of 4nznx , which in turn is

connected to an output layer of a size equal to the desired number of output grid points (i.e., velocity

models ofnz � nx grid points).We used the recti�ed linear unit (ReLU) activation function for the

convolutional and fully connected layers. No activation function was used for the output layer to allow it to

have any value from the permissible range of output velocities. Due to the relatively small number of

network parameters (i.e., weights and biases), we did not include any regularization term (e.g., dropout

layers). All hyper-parameters were chosen by trial and error. Di�erent ranges were tested and the values

that produced the best compromise between accuracy and e�ciency were selected.

2.5.2 Training

We trained four CNNs using the architecture described above using the four types of training data (i.e.,

Types 1a/1b and 2a/2b). A total of 10 ; 000 input-output pairs for each data type were used to train the

corresponding neural network. After passing each batch of training data through the network, we

computed the mis�t between predicted and true outputs, and used it to update the trainable network

parameters (i.e., weights and biases). We computed the mis�t using the mean squared error (MSE) loss

function (equation 2.2). Due to the large size of the training data, we performed parameter updating using

stochastic gradient descent, where the training data were split into a series of smaller individually

processed batches (400 input-output pairs per batch).

To assess the network learning, we plot the training and the Type 1b validation dataset loss function

values at each epoch (i.e., the learning curve) for each network. Because we are interested in assessing how

well each network reconstructs layered velocity models, we use the same Type 1b validation dataset when

training all four networks. This means that the validation loss tests network generalization in so far as it

re
ects how well each network performs when tested on data not used during the training process.

Decreasing training and validation curves with increasing epochs indicates that the network is learning.

However, a decreasing training curve with an increasing validation curve suggests that the network is

over�tting parameters to the training data.

Figure 2.8a-Figure 2.8d show the learning curves for the four networks. For Type 1a (Figure 2.8a) and

Type 1b (Figure 2.8b), the divergence between the training and validation curves occurs around 450

epochs; however, for Type 2a (Figure 2.8c) and Type 2b (Figure 2.8d), the divergence occurs earlier at

around 150 epochs. Beyond these divergence points, the recovered validation models appear to be of higher

resolution; however, this is due to the inclusion of the desired short-wavelength model features as well as

non-physical short-wavelength noise. We inspected the recovered validation models for each network and

determined the stopping epoch based on a compromise between resolution improvements and
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high-frequency noise. After training, we tested all four networks on the 10; 000 Type 1b testing data, which

is a useful test because some models have velocity gradients while others do not. Accordingly, we can

assess the in
uence of velocity gradients in the training or testing data on the predicted models.

Figure 2.8 Learning curves for the four CNNs trained using (a) Type 1a data, (b) Type 1b data, (c) Type
2a data, and (d) Type 2b data.

2.5.3 Experiment 1: CNN Trained on Type 1a/1b Velocity Models

Figure 2.9 shows (typical) results of testing the neural network that has velocity gradient in its training

data (Type 1b neural network). Figure 2.9a presents the testing (true) velocity model, Figure 2.9b shows

the model predicted using Type 1b neural network, and Figure 2.9c presents a \pseudo-well" cross-section

through the model extracted at the dashed line. Overall, this example shows a good performance of the

neural network in predicting the layer shape and velocity structure. The second testing model

(Figure 2.9d) has more complex velocity structure with layers of di�erent dips, followed by a thick dipping

layer with a linear velocity gradient, and then a strong velocity inversion at the bottom. The network again

does a good job in recovering the shapes and velocities of all layers (Figure 2.9e and Figure 2.9f). The only

missing features in the recovered model are the sharp boundaries for the shallow layers, which is likely

attributed to these layers being too thin to be detected by the 3-32 Hz frequencies used in the experiment.

Similar behavior occurs in Figure 2.9g-Figure 2.9i where the network recovers a smoothed version of the

third testing model, which could be caused by the minimal intra-layer velocity variations compared to most

models used in network training. Overall, Type 1b network performed well for estimating a range of layer

thicknesses and dips as well as for recovering velocity inversions. The observed smoothing may be
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attributed to the nature of the training data, with Type 1b training e�ectively enforcing a smooth

transition between layers.

Figure 2.9 Testing results of the neural network trained on Type 1b models and tested on Type 1b models
having the same structure. (a), (d), and (g) are the testing velocity models. (b), (e) and (h) are the
corresponding predicted models. (c), (f) and (i) show the cross-section through each of the corresponding
models at the dashed line (pseudo-well locations). The same color bar is used for all velocity models.

To assess the in
uence of training model velocity gradients on the performance of the network, a second

neural network was trained using only Type 1a models (i.e., no velocity gradients) and tested on the same

models we used to test Type 1b network (Figure 2.9). Figure 2.10 presents the test results. The velocity

model recovered in Figure 2.10b shows a similar behavior to that shown in Figure 2.9b in the shallow
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section, even estimating the velocity gradient with high accuracy. However, it poorly recovers the velocity

structure of the bottom layer. This behavior is representative of using a Type 1a trained network to

estimate Type 1b testing models. This is also observed in Figure 2.10e, where the velocity gradient causes

the network to recover an incorrect velocity for the bottom layer. In general, whether the velocity increases

or decreases below the velocity gradient, the bottom layer is almost always assigned a velocity that is close

to the value in the overlying layer. However, this is not always because the model in Figure 2.10h recovers

the structure and velocity variations at the bottom right corner of the model slightly better than

Figure 2.9h.

While these examples present a qualitative analysis of how Type 1a/1b networks perform when tested

on certain geological structures, they do not provide a statistical analysis on how each network performs

when tested on a large number of geological models with widely varying complexity. To do so, we use the

10; 000 Type 1b models reserved for testing (from which the above examples were extracted) to test the

two trained networks discussed in this section. Figure 2.11 present the normalized root-mean square (rms)

error for the two trained networks. The statistical results con�rm the conclusions of our qualitative

analysis. Figure 2.11b shows that models predicted using Type 1b network generally reconstructs velocity

models that better �t the true models, followed closely by models predicted using Type 1a network

(Figure 2.11a). This observation is supported by the value of the median error for Type 1b networks

(0:130) being lower than that of Type 1a networks (0:170).

2.5.4 Experiment 2: CNN Trained on Type 2a/2b Velocity Models

The motivation behind the second experiment is to evaluate whether neural networks can learn the

seismic inversion problem using purely geometric velocity models, or whether we need to explicitly use

layering in our training data. Figure 2.12 presents the testing results for the Type 2b trained network. It is

intriguing to see how a neural network that has not been trained on coherent geologic-like structures can

recover a good approximation of the shape of some semi-geological layers. A key observation here is that

the network learned what square sizes are needed to reconstruct each geologic structure depending on its

size and shape. Figure 2.12b shows the network using small squares to reconstruct the curved interface

between the second and third layers, while in Figure 2.12e and Figure 2.12h the same network makes use of

mainly larger squares to recover broader structures. Due to this behavior, the CNN performed well for the

shallow layer in Figure 2.12h because its near-rectangular shape. However, in Figure 2.12e the use of large

squares poorly reconstructed the curvature of the interface between the second and third layers.

Fig/Type2bExperimentwidth=1Testing results of the neural network trained on Type 2b models and

tested on Type 1b models. (a), (d), and (g) are the testing velocity models. (b), (e) and (h) are the
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Figure 2.10 Testing results of the neural network trained on Type 1a models and tested on Type 1b
models. (a), (d), and (g) are the testing velocity models. (b), (e) and (h) are the corresponding predicted
models. (c), (f) and (i) show the cross-section through each of the corresponding models at the dashed line
(pseudo-well locations). The same color bar is used for all velocity models.
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Figure 2.11 Histograms showing the normalized rms error for the networks trained on (a) Type 1a, (b)
Type 1b, (c) Type 2a, and (d) Type 2b data and tested on Type 1b data.

corresponding predicted models. (c), (f), (i) show the cross-section through each of the corresponding

models at the dashed line (pseudo-well locations). The same color bar is used for all velocity models.

A second important observation is that the accuracy of the recovered models decreases with depth.

Shallow layers are mostly recovered with a moderate-to-high accuracy, but the quality of the predicted

models demonstrably deteriorates with depth. This is a common feature in most of the recovered models in

this experiment. In rare cases, large non-physical structures appear at the model bottom (e.g.,

Figure 2.13h). While this might mean that this type of purely geometric training data is better suited for

relatively near-surface inversion applications, this observation is more likely due to limited aperture or

illumination e�ects. A further limitation of the Type 2a/2b models is that the network fails to maintain an

accurate intra-layer velocity, especially at depth. Although it well approximates that layer shape and

velocity in the vicinity of the interface, the velocity erroneously varies signi�cantly within the layer.

Figure 2.13 presents the Type 2a testing results and shows only moderate di�erences compared to the

examples in Figure 2.12. Figure 2.13 also illustrates that the neural network accurately recovered velocity

gradients for the shallow layer without needing to be explicitly trained on models with velocity gradients.

This can be explained by the fact that numerous small, vertically stacked squares with minor and smooth

velocity increases or decreases can have the same e�ect on seismic data as larger squares with explicit

velocity gradients. In addition, the three cross-sections in Figure 2.13 are less noisy than the corresponding

cross-sections in Figure 2.12. This could indicate that much of the apparent heterogeneity in the recovered
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Figure 2.12 Testing results of the neural network trained on Type 2b models and tested on Type 1b
models. (a), (d), and (g) are the testing velocity models. (b), (e) and (h) are the corresponding predicted
models. (c), (f), (i) show the cross-section through each of the corresponding models at the dashed line
(pseudo-well locations). The same color bar is used for all velocity models.
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models in Figure 2.12 is due to the network training on models exhibiting frequent velocity changes

throughout, including inter- and intra-square velocity variations.

Figure 2.13 Testing results of the neural network trained on Type 2a models and tested on Type 1b
models. (a), (d), and (g) are the testing velocity models. (b), (e) and (h) are the corresponding predicted
models. (c), (f) and (i) show the cross-section through each of the corresponding models at the dashed line
(pseudo-well locations). The same color bar is used for all velocity models.

Similar to the previous section, a statistical analysis was performed using Type 2a/2b networks

(Figure 2.11c and Figure 2.11d). The rms error distribution is consistent with our observations in the

above qualitative analysis. As expected, Type 2b networks have a larger median rms error than Type

1a/1b networks (0:235), but still smaller than for to Type 2a networks (0:241). Although models predicted
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using Types 2a/2b appear to be less accurate than Type 1a/1b networks, their mis�t values are still

reasonably small, given that they were constructed using squares only in the training data.

Despite the shortcomings of Type 2a/2b-trained networks, we believe their overall performance o�ers

insight on how the seismic velocity model building problem is treated by ANNs. The ability to combine

squares of di�erent sizes to construct geologic-like structures similar to the true ones has implications for

ANN-based methods. In particular, that they can estimate velocity models based on the \degree of

completeness" of the training process without relying on the relative accuracy of a single starting velocity

model like in FWI.

2.5.5 Scale Analysis of Type 2a/2b models

The Type 2a/2b experiments described above incorporated a wide range of squares sizes in the training

data. While these CNNs recovered testing models with moderate accuracy, an analysis of the signi�cance of

di�erent square-size ranges in the training data would provide an insight on how the CNN is automatically

learning the appropriate usage of each square-size range. To assess the signi�cance of small-sized squares in

the training data, we generated three Type 2b training data sets with square sizes ranging between 5� 25,

10� 25, and 15� 25 grid points (i.e., �xing the maximum square size while altering the minimum). Three

CNNs were trained using the three newly generated training data sets and tested on two Type 1a/1b

models (Figure 2.14a and Figure 2.14g); one has a curved interface that can only be recovered using small

squares, and the other consists of large, almost-
at layers that can be recovered using larger squares.

Figure 2.14 compares the models predicted using the original Type 2b network (with squares ranging

between 1-25 grid points) and each of the three newly trained networks. While the recovered models are

similar, there are subtle di�erences between the predicted models shown in Figure 2.14. Training with

smaller squares sizes allows for greater freedom in constructing curved interfaces. However, this also causes

increasing intra-layer velocity variations with decreasing smallest square size used in the training data.

This is because recovering a uniform layer velocity requires that all squares inside the layer be assigned the

same true velocity value. As the size of these squares becomes smaller, their number increases, and

assigning the true velocity to a large number of small squares appears to be a challenging task for CNNs

trained on Type 2a/2b models. Figure 2.14e shows another notable result where the smallest square in the

training data is too large to recover the curved interface, causing bottom layer of the recovered model to

diverge from the true one.

To assess the signi�cance of large squares in the training data, we repeated the previous experiment but

using square sizes ranging between 1� 5, 1� 10, and 1� 15 grid points. Figure 2.15 presents the predicted

models for each square size range using the same testing models as previously. Changing the lower limit of
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square sizes in the training data has a more pronounced e�ect on the predicted models than changing the

upper limit. Figure 2.15b and Figure 2.15h demonstrate that intra-layer velocity variations in Type 2a/2b

models are mainly due to the inability of CNNs to recover the correct velocity for a large number of small

squares. However, as we increase the upper limit of square sizes in the training data, we observe improved

continuity of velocity values inside the layers. Therefore, based on these experiments, we infer that CNNs

trained on Type 2a/2b models use small squares to recover non-
at model features, and large squares to

reconstruct longer-wavelength velocity model features.

2.5.6 Experiment 3: The Marmousi Model

To further assess how training model structure in
uences neural network performance in solving the

seismic inversion problem, we test the four network types trained in the previous sections on an

\independent" velocity model not used in the training process of either network. For this experiment, we

chose 600 ofnx � nz = 50 � 50 grid-point subsets from di�erent parts of the Marmousi model. We used

these velocity models to synthesize seismic data using the same modeling parameters described above (i.e.,

source and receiver locations, frequency range, and source wavelet). The synthesized data were then input

to the four trained networks.

Figure 2.16-Figure 2.18 show the results for three selected subsets. Figure 2.16b and Figure 2.16c show

a comparison of predictions made by Type 1b and 1a networks (with and without velocity gradients). We

deem the results obtained using Type 1b network to be superior because they better maintain the true

velocity throughout all the layers, whereas the Type 1a network erroneously recovers more signi�cant

intra-layer velocity variations. The same behavior is observed for Type 2b and 2a network results shown in

Figure 2.16e and Figure 2.16f. The model predicted using the Type 2b network recovers the location and

shape of the shallow interface with a much higher accuracy than the Type 2a network and better maintains

the true velocity throughout each layer. Overall, the Type 1b network produced the most accurate velocity

model. Although the true velocity model has no explicit velocity gradient in any of its layers, it contains a

number of thinly stacked layers with slowly varying velocities. The resulting implicit velocity gradients

may be the reason why Type 1b and 2b networks produced superior results.

We repeated the above experiment for a slightly more complex subset of the Marmousi model

(Figure 2.17). The results obtained from the Type 1b/1a networks are similar (Figure 2.17b and

Figure 2.17c) in terms of the recovered shape and velocity of the shallow dipping layers. In Figure 2.17e,

though, the performance of the Type 2b network is intriguing because it recovered the correct dips and

velocity values of the shallow section. Similar to our observations in Figure 2.12b and Figure 2.13b for

curved interfaces, this test shows how the CNN also learned to use small squares to reconstruct the shape
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