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A B S T R A C T

Identification of the incoming seismic wave motion at a geotechnical site plays an integral role in the seismic
analysis and design of the critical components of the civil infrastructure. Current practice relies on using one-
dimensional models for the soil medium at the site, and a process called deconvolution, which identifies seismic
input due to measurements made at the ground surface. Using multi-dimensional models for the underlying
soil medium becomes important when a site exhibits considerable heterogeneity or change in topography.
These situations necessitate using a gradient-based optimization method for inverting the multi-dimensional
incoming seismic-wave motion. However, such methods are computationally expensive and time consuming.

We explore the effectiveness and robustness of a data-informed framework for the inverse-source problem,
due to its potential in reducing the computational cost, compared to a gradient-based approach. We design deep
and convolutional neural network architectures to predict the incoming wave motion based on measurements
made at the ground surface. We demonstrate their effectiveness and robustness on blind test examples, where
measured data are contaminated with noise, and when the incident signals in the training data set may or
may not resemble a realistic seismic signal. Lastly, the presented artificial neural networks are shown to be
effective in predicting incoming wave motion when the subsurface material properties lack accuracy, or are
uncertain, which is likely the case in realistic situations. While only one-dimensional problems are considered
here, generalization of our data-informed approach to handle multi-dimensional problems appears to be
straightforward. Overall, our data-informed approach seems to be robust, fast, and promising for identifying
the incoming seismic wave motion.
1. Introduction

Seismic design of critical components of the civil infrastructure,
such as dams, bridges, hospitals, and power plants, relies on past seis-
mic events [1]. Previously recorded seismic events, however, may not
be available for certain geographical locations, or geological profiles.
In these situations, seismic events corresponding to other locations or
profiles are processed, in order to make them suitable for a new site.
This process is known as site response analysis. Part of this process
involves the identification of seismic wave motion on a bedrock, based
on seismic wave motion measurements on the ground surface, in an
area where the soil profile is known. The identified seismic wave
motion on the bedrock, also known as input motion, can then be used
at a new site with a possibly different soil profile. The input motion can
be propagated through the site’s local soil profile in a computer model,
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where the model may also account for local topography and the civil
(infra)structure, in order to accurately compute the seismic response of
the structure, which then may guide safe design options.

Profiling the site under investigation is often needed prior to con-
ducting the site response analysis. This typically involves identifying
shear and, sometimes, compressional wave velocities. We refer to Roes-
set et al. [2], Luke and Stokoe II [3], and Brown et al. [4], for using
non-invasive techniques, such as the spectral analysis of surface waves
(SASW) method, to Park et al. [5], and Rahimi et al. [6], for using
the multi-channel analysis of surface waves (MASW) method, to Cox
and Teague [7] for shear wave velocity profiling of sites via using
surface wave dispersion data with limited a priori information and a
robust parameterization scheme, to Teague et al. [8] for calculation
of the transfer functions for a ground response by using the shear
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wave velocity profiles from surface wave testing at a site, to Kallivokas
et al. [9], and Fathi et al. [10,11] for the full-waveform inversion
(FWI) of the three-dimensional spatial distribution of the soil profile
at a site, and to Askan et al. [12,13] for anelastic seismic inversion
methods to characterize wave speeds and attenuation coefficients of
basins from earthquake measurement data. We also refer to Poursartip
et al. [14], Poursartip and Kallivokas [15], Asimaki and Mohammadi
[16], and Ayoubi et al. [17] for accounting for topography effects,
which form the remaining integral parts of this process.

In this paper, we focus on an element of the site response analysis
workflow: identifying the input seismic wave motion on the bedrock,
based on measurements at the ground surface, under a known soil
profile. Current practice for identifying the input seismic wave mo-
tion on the bedrock, based on measurements on the ground surface,
typically relies on using one-dimensional layered-soil models, along
with a procedure known as deconvolution [18–21]. The deconvolution
works as follows: (a) the measured waveform on the ground surface
is transformed into the frequency domain; (b) the transfer function
of the one-dimensional soil profile is computed; and (c) the measured
waveform in the frequency domain is multiplied by the inverse of the
transfer function, and this product is then transformed back into the
time domain. This procedure yields the time-domain waveform of the
incident wave on the bedrock.

The deconvolution procedure, however, has only been applied to
one-dimensional domains that support vertically-propagating waves.
To address shortcomings of the deconvolution process and identify
incoherent incident waves (e.g., inclined waves) shaking a multi-
dimensional domain, incoming seismic-motion estimation procedure
is needed and was recently developed by Guidio and Jeong [22],
Guidio et al. [23]. They used the apparatus of partial differential
equation (PDE)-constrained optimization, using the full-waveforms of
the recorded motions at receiver locations, to perform source inversion.
Guidio et al. [23] estimated both the temporal signature and spatial
distribution of the seismic input at the absorbing boundaries of a trun-
cated computational model for two-dimensional anti-plane SH waves.
Moreover, the work by Guidio and Jeong [22] estimated source body
forces within a domain reduction method (DRM) layer [24], which
then can be used to generate waveforms that match measured observa-
tions at receiver locations on the ground surface, for two-dimensional
truncated domains. As Guidio and Jeong [25] argued, the relationship
between the parameterized force vector and the wave response is
linear, which results in a quadratic and convex objective functional,
when an 𝐿2-norm is used for the associated inverse-source problem.
In addition, Wang and Alkhalifah [26] and Song and Alkhalifah [27]
reported FWI studies to jointly invert for both the unknown source, as
well as the unknown velocity profile, which is even more challenging
due to the increased non-uniqueness of the joint inversion process than
when only source-inversion is attempted.

Despite the robust performance of the PDE-constrained optimization
for estimating seismic inputs in two-dimensional settings, serving as
an alternative to the deconvolution, the PDE-constrained optimization
procedure is computationally expensive and takes a significant amount
of time for completion. Therefore, extensions of this procedure to the
more realistic three-dimensional case will require significantly more
computing power and time. In this work, we explore the effective-
ness and robustness of using artificial neural networks (ANNs) for
seismic-input inversion, and whether it is able to reduce the time to
solution.

There is extensive literature on using ANNs for tackling inverse
problems. Röth and Tarantola [28] applied a neural network method
to reconstruct a one-dimensional wave speed from seismic data. They
showed that neural networks are able to tackle velocity-model inverse
problems. Vantassel et al. [29] investigated the use of convolutional
neural networks (CNNs) to produce a two-dimensional material prop-
erty profile by using surface measurements due to a surficial point
2

source. The resulted material profile was then used as the starting f
point of the subsequent FWI process. Iturrarán-Viveros et al. [30] also
utilized ANNs to estimate an initial velocity model for two-dimensional
domains. Then, the approximated profile was used as initial input for
FWI. Kazei et al. [31] used an ensemble of CNNs to invert seismic
data, directly for high-resolution vertical velocity profiles, and showed
its promise when applied to field data. Wu and Lin [32] explored a
CNN model with an encoder–decoder, named InversionNet, to solve
the seismic FWI directly. Later, they used a conditional random field
to refine the reconstructed velocity profile. Ren et al. [33] proposed a
technique for tackling FWI based on a physics-informed neural network
(PINN). They also constructed a forward modeling neural network to
generate training data for their FWI network. Song and Alkhalifah
[34] also applied PINNs to FWI, when the physics is described by
the Helmholtz equation. Moreover, Yang and Ma [35] utilized super-
vised deep fully convolutional neural networks (FCN)1 to estimate the
velocity profiles for the seismic inversion problem. Haile et al. [36]
implemented two deep neural networks (DNNs) in order to exploit the
acoustic emission signals to approximate the geometry and position of
cracks in structures. The paper uses long short-term memory (LSTM) –
a recurrent neural network (RNN) architecture – and two-dimensional
CNNs, to carry out a classification task for detecting the presence,
or absence, of damage in structures. Another paper by Li et al. [37]
discussed a generative adversarial network (GAN) to develop an early
earthquake warning system. The GAN is trained on 300,000 first-
arrival earthquake P-waves, from southern California and Japan, and
is trained to classify both real and false earthquake alerts in order to
increase the robustness of the procedure. To predict the locations of
microseismic events from waveform data, Wang and Alkhalifah [38],
and Wang et al. [39], used a CNN network and demonstrated the
success of their approach using field data. Furthermore, Zheng et al.
[40] explored using synthetic data to train a CNN to predict features
such as fault profiles, or P-wave velocities, in a domain of interest.
The paper highlights the computational efficiency of using an ANN for
seismic problems. Indeed, a trained ANN can almost instantaneously
(e.g., within a second) produce the inversion outcome.

Inspired by the robust performance of ANNs for tackling inverse
problems in seismology and the absence of using neural networks for
inverse-source problems in the literature, we investigate the effective-
ness and computational cost of using ANNs for seismic input inversion
in a one-dimensional soil column. We discuss how training data for
such problems may be generated. We then investigate how deep and
convolutional neural networks perform for the incident seismic-wave
motion inversion problem. Lastly, we explore how subsurface uncer-
tainty, e.g., in wave speed, impacts the performance of our proposed
data-informed framework.

2. Problem description

Fig. 1 shows the problem setting where the presented modeling
can be utilized. We are interested in identifying an unknown incoming
seismic wave through a site of interest, where the site is modeled with a
one-dimensional soil column. In rare situations, this incoming wave can
be directly measured from a neighboring outcrop rock, when such an
outcrop rock exists. At the outcrop rock, the measured ground motion
is the same as the incoming wave motion at the site of interest, but
with a twice larger amplitude. However, several assumptions should be
satisfied for the measured ground motion at a neighboring outcrop rock
to be utilized as the incoming wave motion at the site of interest. First,
material properties of the bedrock should be horizontally uniform, ren-
dering the bedrock at site of interest, and at the outcrop rock, identical.
Second, the incident waves should propagate vertically, in the same
waveform and phase characteristics, at both the site of interest and

1 Compared to CNN, FCN is composed of convolutional layers without any
ully-connected layer.
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Fig. 1. A semi-infinite, one-dimensional soil column, subjected to a vertically propagating incident shear wave. The homogeneous halfspace rock can be replaced by a dashpot
underneath the soil column, where a dynamic shear force substitutes the incident wave.
the outcrop rock. Since such a case is rare, methods2 that estimate the
incoming seismic wave motion based on measurements at the ground
surface are widely used. This paper presents an alternative method for
estimating the incoming seismic wave motion, based on ground-surface
measurements, using ANNs.

Wave motion within a one-dimensional, semi-infinite soil column
(Fig. 1) is described by the following partial differential equations [41]:

𝜕
𝜕𝑥

[

𝜇(𝑥)
𝜕𝑢(𝑥, 𝑡)
𝜕𝑥

]

= 𝜌(𝑥)
𝜕2𝑢(𝑥, 𝑡)

𝜕𝑡2
, 0 < 𝑥 < 𝐿, 0 < 𝑡 < 𝑇 , (1a)

𝜇(𝑥)
𝜕𝑢(𝑥, 𝑡)
𝜕𝑥

=
𝜇𝐵
𝑉𝐵

[ 𝜕𝑢(𝑥, 𝑡)
𝜕𝑡

− 2𝑣inc(𝑡)
]

, 𝑥 = 0, (1b)

𝜇(𝑥)
𝜕𝑢(𝑥, 𝑡)
𝜕𝑥

= 0, 𝑥 = 𝐿, (1c)

where 𝑣inc(𝑡) is the particle velocity of the unknown incoming seismic
wave that derives the wave motion in Eq. (1), which we aim to identify;
𝜇(𝑥) and 𝜌(𝑥) are shear modulus and mass density (material properties),
respectively; 𝑢(𝑥, 𝑡) represents the particle displacement in the medium;
and 𝜇𝐵 and 𝑉𝐵 denote shear modulus and shear wave velocity of the
bedrock, respectively. We use Rayleigh damping to model attenuation
in the medium, described in discrete form by Eq. (4). The problem
enjoys at-rest initial conditions: 𝑢(𝑥, 0) = 0, and 𝜕𝑢(𝑥,0)

𝜕𝑡 = 0. The
shear wave velocity within the soil column can be computed according
to 𝑉𝑠(𝑥) =

√

𝜇(𝑥)∕𝜌(𝑥). Due to the boundary condition described by
Eq. (1b) (i.e., a dashpot, subjected to a dynamic shear force), prescribed
incident waves enter the domain, and outgoing waves leave the do-
main, without causing unintended reflections. Namely, the soil column
is truncated by an absorbing boundary condition, where the incoming
seismic wave is applied as a shear force. We consider the wave response
for the truncated domain of length 𝐿 during an observation period of
𝑇 .

2 E.g., deconvolution or gradient-based inversion.
3

Typically, finite-difference or finite-element methods are used to
obtain a numerical solution to Eq. (1). Here, we use the finite ele-
ment method with linear elements for spatial discretization, along with
a second-order Newmark scheme for temporal discretization, which
solves the following ordinary differential equation in time:

𝐌𝐮̈(𝑡) + 𝐂𝐮̇(𝑡) +𝐊𝐮(𝑡) = 𝐅(𝑡), (2)

where ̈( ) and ̇( ) stand for the second and first derivative of the
subtended variable with respect to time, respectively, and the matrices
and vector are defined as:

𝐊 = ∫

𝐿

0
𝜇(𝑥)

d𝝓
d𝑥

d𝝓𝑇

d𝑥
d𝑥, 𝐂 =

𝜇B
𝑉B

𝝓(0)𝝓𝑇 (0) + 𝐂R,

𝐌 = ∫

𝐿

0
𝜌(𝑥)𝝓𝝓𝑇 d𝑥, 𝐅(𝑡) =

𝜇B
𝑉B

𝝓(0)2𝑣inc(𝑡), (3)

where 𝐊, 𝐂, and 𝐌 denote the global stiffness, damping, and mass
matrices, respectively, 𝐅(𝑡) denotes the global force vector, and 𝝓
indicates basis functions. The Rayleigh damping matrix 𝐂R, in Eq. (3),
is defined as:

𝐂R = 𝑐0𝐌 + 𝑐1𝐊, (4)

where 𝑐0 and 𝑐1 are scalar values computed as:

𝑐0 = 2𝜉
𝜔𝑖𝜔𝑗

𝜔𝑖 + 𝜔𝑗
, 𝑐1 = 2𝜉 1

𝜔𝑖 + 𝜔𝑗
, (5)

where 𝜉 is the damping ratio of a given soil; 𝜔𝑖 and 𝜔𝑗 are control an-
gular frequencies, typically corresponding to the first and fifth natural
mode, and are commonly calculated through [42]:

𝜔𝑛 = 2𝜋 (2𝑛 − 1)
𝑉𝑠
4𝐿

, (6)

where 𝑛 is the mode number; 𝑉𝑠 is the average shear wave velocity; and
𝐿 is the total length of the soil column.

We use our finite element wave simulator to generate data for our
ANNs. The correctness of our simulator is verified in Appendix.
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3. Methods

We investigate the effectiveness of using machine learning (ML)
algorithms for identifying an incoming seismic wave. We focus on
one-dimensional models, where seismic shear waves travel vertically
through a soil column, and the waveform is measured at the top of the
soil column, which indicates the ground surface.

We use a two-stage procedure to generate data sets for training
and testing our ANNs: (a) we use a two-dimensional wave simulator to
generate complex and realistic waveforms based on randomized wave
source and stratigraphy. We then extract these waveforms at multiple
locations within the two-dimensional domain; and (b) we use these
waveforms as incoming wave motion, 𝑣inc(𝑡), within a one-dimensional
wave simulator, where each incoming wave motion (at the bottom of
the soil column) is associated with a corresponding measured waveform
(at the ground surface). This way, we generate a data set that associates
12,000 incident waveforms, 𝑣inc(𝑡), to their corresponding measured
waveforms, 𝑢(𝐿, 𝑡). By using this data set, we train DNNs and CNNs
to relate a measured waveform, 𝑢(𝐿, 𝑡), (input-layer features) to its
associated incident waveform, 𝑣inc(𝑡), (output-layer features).

3.1. Deep neural network (DNN)

A typical DNN consists of data-processing modules, called layers,
stacked on top of one another. Each layer consists of a mathematical
function, called neurons, through which data and calculations move
forward onto the next layer. The basic structure of a DNN is comprised
of an input layer, hidden layers, and an output layer [43].

The input layer of a DNN is responsible for receiving the input data
and passing them through to the hidden layers. In this study, 9000
training samples out of 12,000 records in our data set are used to train
the DNN. Each record has 1801 time-step features, chosen to agree with
the 0.01 s temporal discretization points used to span 18 s records we
considered in this study. Our DNN architecture has four fully connected
hidden layers, consisting of 2048, 2048, 3072, and 4096 neurons. The
DNN is shown in Fig. 2, where the relation between the input- and
output-layer features is learned from different batches of training data
set through an iterative process. We designed the DNN architecture
such that a minimal number of hidden layers are employed. If too many
hidden layers in a DNN are used, the back-propagation process3 will
likely fail to identify an appropriate neural network parameterization.
The learnable parameters of the DNN, i.e., weights and biases, are
applied according to:

𝑎𝑖 =
𝑑
∑

𝑗=1
𝑤𝑖𝑗𝑞𝑗 + 𝑏𝑖, (7)

where 𝑤𝑖𝑗 is the weight coefficient between the two successive neurons
at neighboring layers (i.e., previous and current layers); 𝑞𝑗 is the 𝑗th
feature (or neuron) from a previous layer; 𝑑 is the size of the data from
a previous layer; 𝑏𝑖 is the bias associated with each neuron; and 𝑎𝑖 is the
outcome resulting from the calculation corresponding to the 𝑖th neuron
of the current layer.

The weights and biases are initialized using the commonly-used
‘‘Xavier’’ initialization and, then, are updated through back-
propagation by virtue of automatic differentiation. The Xavier initial-
ization is chosen over the other commonly-used ‘‘He’’ initialization
due to its better performance on our validation data sets. We omit to
show the detailed comparison of the accuracy of the presented ANNs,
in terms of the type of initialization, and refer the interested reader
to Glorot and Bengio [44] and He et al. [45] for details on the Xavier
and He initializations, respectively.

3 I.e., automatic differentiation, followed by determination of the unknown
arameters associated with all the neurons in a DNN.
4

Fig. 2. Visual representation of our DNN architecture: 𝑢𝑗 denotes the 𝑗th time-step of
the measured signal, 𝑢(𝐿, 𝑡), and 𝑣inc

𝑗 denotes the 𝑗th time-step of an unknown incident
wave signal, 𝑣inc(𝑡).

An activation function is added to each neuron so that the network
is able to learn complex and possibly nonlinear patterns present in the
data. We use Leaky Rectified Linear Unit (LReLU) as the activation
function in our DNN model. The LReLU activation function is defined
as:

𝑟𝑖 = 𝑓LReLU(𝑎𝑖) =

{

ℎ ⋅ 𝑎𝑖 if 𝑎𝑖 < 0,
𝑎𝑖 if 𝑎𝑖 ≥ 0,

(8)

where 𝑟𝑖 is the outcome from the application of the activation function;
𝑓LReLU(𝑎𝑖) is the application of the LReLu activation function on 𝑎𝑖;
and ℎ is a fixed parameter (0.3 in this case). The 𝑎𝑖 values are passed
through the LReLU activation function, and the 𝑟𝑖 values are then
passed as input (𝑞𝑗) to the subsequent hidden layer, where the math-
ematical operation of weights and biases in Eq. (7) and the activation
function in Eq. (8) are repeatedly applied. We note that employing the
LReLu activation function is known to overcome the vanishing gradient
problem, which typically arises when sigmoid and hyperbolic tangent
(i.e., tanh) activation functions are used in multi-layered DNNs [46].
Robustness of the LReLu function against vanishing gradients typically
allows the associated ANN models to learn faster and perform better.

The output values from the final hidden layer are then forwarded
to the output layer, which consists of 1801 neurons. The graphical
illustration of the DNN is presented in Fig. 2. The model is learned using
the RMSprop optimizer with a learning rate of 0.01 and a momentum
of 0.9, and it is allowed to train over 500 iterations (i.e. epochs) with a
batch size of 20. We use Mean-Squared Error (MSE) as the loss function,
which is defined as:

MSE = 1
𝑛

𝑛
∑

𝑖=1

𝑚
∑

𝑗=1
(𝑣inc

𝑖𝑗 − 𝑣̂inc
𝑖𝑗 )2, (9)

where 𝑛 is the number of records in a batch; 𝑚 is the number of
time step features of the data; 𝑣inc

𝑖𝑗 is the 𝑖th record and 𝑗th time step
feature of the targeted output-layer data; and 𝑣̂inc

𝑖𝑗 is the associated
ANN-predicted output-layer data.
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Fig. 3. Visual representation of our CNN architecture: 𝑢𝑗 denotes the 𝑗th time-step of the measured signal, 𝑢(𝐿, 𝑡), and 𝑣inc
𝑗 denotes the 𝑗th time-step of an unknown incident wave

ignal, 𝑣inc(𝑡).
An error function is defined to judge the performance of the pre-
ented ANNs for an individual sample signal. Namely, the error function
or the 𝑖th record (test sample) is defined as:

𝑖 =

√

√

√

√

√

∑𝑚
𝑗=1(𝑣

inc
𝑖𝑗 − 𝑣̂inc

𝑖𝑗 )2
∑𝑚

𝑗=1(𝑣
inc
𝑖𝑗 )2

× 100 [%]. (10)

In the first iteration of the training of the DNN, the initialized
weights and biases are employed to predict an output. The loss is
calculated by using Eq. (9), and the gradient of the loss function is
computed with respect to each weight and bias in every layer by
automated differentiation. The gradient is utilized for updating all the
weight and bias parameters. These updated weight and bias values are
then used to predict the new output values 𝑣̂inc

𝑖𝑗 . The cycle of updating
the weight and bias parameters continues for the specified number of
iterations, or until the MSE reaches a minimum.

3.2. Convolutional neural network (CNN)

We also explore the effectiveness of using CNNs to solve the pre-
sented inverse source problem. Our CNN is composed of an input layer,
one convolutional layer, a Max Pooling layer, a Flatten layer, and an
output layer. A visual representation of the developed CNN architecture
is shown in Fig. 3.

Within the convolutional layer, we use filters of a uniform size.
A filter is a vector of a particular filter size with weight coefficients
that are initialized using the Xavier initialization. The presented CNN
includes a Max Pooling layer to reduce parameters, extract important
features, and combat over-fitting. The Flatten Layer allows the feature
map extracted from the Max Pooling layer to be used as input to the
output layer. The generated data are fed into the input layer of the CNN
in the form of a time-series signal.

Our convolution layer has 100 filters, each with a filter size of
19, and receives the data from the input layer for the convolution
operation. This layer, after training, aims to capture feature patterns
by convolving the filters over the input data in a sliding dot-product
computation window. Namely, the 100 filters slide across each vector
with a stride of 1, multiplying the filter weight by the overlapping
feature-vector value and summing the dot product computation. This
particular algebraic operation is illustrated in Fig. 4. Padding is added
to maintain the output length dimension of the convolution layer based
on the required time step features of 1801. The resulting computed
values are then passed through the LReLu activation function, and
this CNN layer results in an output feature-map matrix of (1801, 100)
5

dimensions. The second dimension of the matrix, 100, is due to the 100
different filters convolving through the input data.

The output from the convolution layer passes through a Max Pooling
layer, which takes the maximum value over a window length of 10
along the time-series dimension of the (1801, 100) matrix, reducing
the dimensionality from (1801, 100) to (180, 100) and allowing the
layer to learn feature-relations based on only the prominent features.
The Flatten layer converts the matrix outcome from the Max Pooling
layer into a vector of (18 000, 1) dimension. This layer is implemented
to pass the flattened feature maps from the Max Pooling layer onto
the final output layer. The neurons in the last output layer are fully
connected to every neuron in the previous Flatten layer, through learn-
able parameters (i.e., weights and biases), and it has 1801 neurons to
replicate an 18 s output waveform.

The parameters (i.e., filter weights and the weights and bias con-
necting the flatten layer and the output layer) in CNN are optimized
using an Adam optimizer, with a learning rate of 0.001, where the
MSE loss function is used. The model is trained over 350 epochs, with a
batch size of 35. Similar to DNN, CNN optimizes both its filter’s weights
and dense layer weights through back-propagation by using automatic
differentiation.

3.3. Selection of DNN and CNN hyper-parameters

The selection of the hyper-parameters in the presented neural net-
work architectures is performed through an extensive manual search.
To design the DNN architecture, we manually experimented with the
following hyperparameters: different weights and bias initializers, ac-
tivation functions, optimizers, loss functions, learning rates, number of
hidden layers and neurons, number of iterations, and the batch size of
the training data set. Our only initial reference point is the size of the
input-layer waveform, which has 1801 time steps.

For our DNN, we initialize a single hidden layer, consisting of
at least 1801 neurons, and monitor its performance. We are aware
that using a hidden layer with neurons less than the number of time
steps would result in a compression of feature representation, which
could potentially hamper the performance of the DNN, resulting in
a ‘‘bottleneck’’ condition. We continuously increased the number of
neurons in the first hidden layer until the results in the validation data
set predictions stopped improving. Using this as a guide, we moved
towards defining a second hidden layer, with the same number of
neurons considered in the first hidden layer. This iterative process
was applied to multiple hyper-parameters mentioned above. We con-
tinued this process until the model had more than 4 hidden layers
and higher neuron counts, which then caused the model to overfit,
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Fig. 4. Exemplary convolution operation on the input data set. Numbers are not representative of the actual feature input or filter weights.
esulting in poor results on the validation data set. Therefore, to combat
verfitting, we decreased our learning rate, and implemented dropout
nd regularization penalty techniques. Through multiple iterations of
his experimental process, we arrived at the conclusion that using
he simpler architecture presented earlier (i.e., the one with 4 hidden
ayers) results in a shorter training time and a smaller error in the
alidation data set (as well as the test data set), compared to the latter
ase where a more elaborate model4 was used.

The selection of hyper-parameters for the presented CNN follows
similar iterative process. The hyper-parameters experimented with

or the CNNs are: number of convolutional layers, filters and filter
izes, max pooling layer and pool size, and different filter, weights,
nd bias initializers, activation functions, optimizers, loss functions,
earning rate, number of iterations, and the batch size of the training
ata set.

.4. Generation of training, validation, and test data sets

.4.1. Waveform randomizer for generation of the output-layer feature data
et: 𝑣inc(𝑡)

We design a waveform randomizer to generate training data for
the incoming seismic waveforms 𝑣inc(𝑡), which are used as the output-
layer features of the presented DNN and CNN. To build our waveform
randomizer, we consider anti-plane shear waves, propagating in a

4 I.e., lowering the learning rate, implementing dropout, and applying
egularization methods were utilized.
6

two-dimensional domain, which is appropriately truncated by using
wave-absorbing boundary conditions (WABC). We take advantage of re-
flection and refraction in a heterogeneous domain in order to generate
complex waveforms. Namely, the two-dimensional model only needs
to enable the generation of complex randomized waveforms by virtue
of reflection and refraction. This can be achieved through a series of
randomized (over space and time) body-force sources within a simple,
multi-layered two-dimensional domain.

Fig. 5 shows the geometry and material profile of the domain we
used to generate randomized waveforms. The domain has four layers
and three rectangular inclusions. Its dimension is 60 m × 60 m, and its
mass density is 1500 kg/m3. Eight body forces, with a Ricker wavelet
temporal signature, consecutively generate wave motion in the domain.
Each body force is applied at a different location and with a different
central frequency and peak amplitude. The temporal interval between
each Ricker wavelet is 1.5 s. Namely, the first Ricker wavelet is applied
at 𝑡 = 0 s, the second one at 𝑡 = 1.5 s, the third one at 𝑡 = 3 s,
and so on. Then, by using a total observation time of 18 s, a time
step of 0.01 s, and an element size of 1 m, the two-dimensional shear
wave propagation is solved through the finite element method (FEM).
Next, the particle velocity time-histories are extracted from the twelve
pre-defined locations in the domain (Fig. 5). The randomizer is set
to run 1000 iterations, in order to generate 12,000 particle velocity
records. Algorithm 1 describes the details of the randomizer. Note, at
each iteration of the Algorithm, parameters that characterize the wave
motion inside the domain are changed randomly in order to generate
a diverse data set. The extracted particle velocity records are then
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Fig. 5. Two-dimensional domain used to generate the randomized output-layer data
set (i.e., incoming (incident) seismic wave, 𝑣inc(𝑡), which are later used in a one-
dimensional wave simulator). Complex wave patterns form due to reflection and
refraction in the heterogeneous media. 𝑉𝑠1 to 𝑉𝑠7 are randomized as we generate the
data set.

filtered, by using a low-pass filter, and then are used as the output-
layer feature for training, validating, and testing our data-informed
framework for incident seismic-wave motion identification.

Algorithm 1 Two-dimensional waveform randomizer to generate
training, validation, and test data sets
1: Set the total number of iterations = 1000 and the number of body forces

= 8.
2: for iteration ← 1 to (total number of iterations) do
3: Randomly set the values of shear wave speed (𝑉𝑠) of each soil layer and

inclusion in the domain by using the following ranges:
280 ≤ 𝑉𝑠1 ≤ 500 m/s,
220 ≤ 𝑉𝑠2 ≤ 𝑉𝑠1 ,
180 ≤ 𝑉𝑠3 ≤ 𝑉𝑠2 ,
130 ≤ 𝑉𝑠4 ≤ 𝑉𝑠3 ,
800 ≤ 𝑉𝑠5 , 𝑉𝑠6 , 𝑉𝑠7 ≤ 1200 m/s.

4: Build mass, stiffness, and damping matrices.
5: for body force index ← 1 to (number of body forces) do
6: The amplitude (𝑃 ), frequency (𝑓 ), and horizontal and vertical coor-

dinates of the location (𝑠𝑥 and 𝑠𝑦 respectively) of each Ricker wavelet
are randomly chosen within the following ranges:
10 ≤ 𝑃 ≤ 50 N/m2,
0.1 ≤ 𝑓 ≤ 0.8 Hz,
5 ≤ 𝑠𝑥 ≤ 30 m,
5 ≤ 𝑠𝑦 ≤ 55 m.

7: (body force index) ← (body force index)+1.
8: end for
9: Solve the 2D wave propagation problem.

10: Extract the particle velocity signals from twelve different defined
locations.

11: Use a low-pass filter to smooth each signal.
12: Save each filtered particle velocity signal to be used as an incoming

(incident) seismic signal, 𝑣inc(𝑡), in the one-dimensional wave solver,
and as output-layer features in the presented DNN and CNN.

13: iteration ← iteration+1.
14: end for

3.4.2. Generation of input-layer feature data set: 𝑢(𝐿, 𝑡)
The waveforms generated in the previous subsection are now used

as the incident wave signal (i.e., 𝑣inc(𝑡)) in a one-dimensional wave
simulator, described by Eq. (1), and shown in Fig. 1(c). The one-
dimensional wave system appropriately accounts for the truncation
boundary by using a viscous damper and uses a shear force proportional
7

to the incoming incident wave to drive the system [41]. A sensor is
placed at the top surface of the soil column to record the displacement
field of the wave response induced by each 𝑣inc(𝑡). Then, the measured
seismic record (𝑢(𝐿, 𝑡)) is used as the input-layer feature in our ANN-
based source inversion framework. In this study, we consider two
different soil profiles in the one-dimensional wave system:

• A soil column with an asymptotically-varying shear wave
speed with a length of 100 m, mass density of 𝜌 = 1500 kg/m3,
damping ratio of 𝜉 = 0.02, and target frequencies for the Rayleigh
damping of 𝑓𝑖 = 0.67 Hz and 𝑓𝑗 = 3.36 Hz. As shown in Fig. 6(a),
the shear wave speed varies asymptotically from 150 m/s at the
ground surface to 300 m/s at the bottom.

• A 4-layer soil column, as shown in Fig. 6(b), where each layer is
25 m, with shear wave speeds of 𝑉𝑠1 = 300 m/s, 𝑉𝑠2 = 250 m/s,
𝑉𝑠3 = 200 m/s, and 𝑉𝑠4 = 150 m/s; the mass density of the entire
column is 𝜌 = 1500 kg/m3; the damping ratios are 𝜉1 = 0.01, 𝜉2
= 0.01, 𝜉3 = 0.02, and 𝜉4 = 0.03; and the target frequencies are
𝑓𝑖 = 0.56 Hz and 𝑓𝑗 = 2.81 Hz.

The properties of the underlying bedrock are the same for both soil
columns. Its shear wave speed is 𝑉𝐵 = 1500 m/s, and its mass density
is 𝜌𝐵 = 2000 kg/m3. The wave motion in the domain is calculated by
using an element size of 0.01 m and a time step of 0.01 s. Per the two
types of ANNs and the pair of soil profiles, we train a total of four
ANNs: DNN and CNN for the asymptotically-varying soil profile and
those corresponding to the 4-layered soil profile.

3.5. Data preparation

The data sets generated from the one-dimensional wave simulator
are used to train two separate ANNs. The generated input-layer or
output-layer waveforms have a matrix size of 12,000 samples and 1801
time steps of wave time-history data due to recording of 18 s signals
at every 0.01 s. The input-layer feeds on measured displacement time-
histories, 𝑢(𝐿, 𝑡), and the output-layer takes the incident waveform,
𝑣inc(𝑡). Sample input-layer and output-layer waveforms are shown in
Figs. 7(a) and 7(b).

Figs. 7(a) and 7(b) show that the ordinates, both displacements and
velocities, are in the range of 10−6 or 10−7. These extremely small
range of values make it difficult for the ANNs to learn critical feature-
to-feature relations and patterns. To mitigate this issue, both the input-
and the output-layer waveform values are feature-wise normalized such
that their values lie between −1 to 1.

Before normalization, the entire data set is divided into three subsets
of 9000, 1000, and 2000 samples of training, validation, and test
data set, respectively. The 9000 samples are allocated for training and
expose the ANNs to complex patterns between the input-layer and
the output-layer data set. The validation subset is used to monitor
the impartial performance of the ANN on a data set unseen by the
model during the training phase in order to stop the training process
if the model shows the signs of over-fitting. The test subset is used to
provide an unbiased evaluation of the trained ANN by defining an error
function.

The normalizing parameters – mean, maximum, and minimum – are
used to feature-wise normalize both the input- and output-layer parts in
the training, validation, and test data sets. The normalizing parameters
are computed only from the training data set, in order to leave the
validation and test data sets intact, to allow for a fair analysis of the
ANNs [47]. Eq. (11) is used to normalize the data sets:

𝐴𝑛
𝑖𝑗 =

𝐴𝑖𝑗 − 𝐴mean
train

𝐴max
train − 𝐴min

train
, (11)

where 𝐴𝑛
𝑖𝑗 is the normalized component of the data matrix – such as the

training, validation, or test set (either input or output layer) – of which
the 𝑖th row and 𝑗th column indicate the 𝑗th time-step of the 𝑖th sample;
𝐴 is the un-normalized component of the data matrix; 𝐴mean is the
𝑖𝑗 train



Soil Dynamics and Earthquake Engineering 162 (2022) 107510S. Maharjan et al.
Fig. 6. One-dimensional soil column configuration: the incident wave, 𝑣inc(𝑡), is used in the shear force calculation, 𝐹1D = 2𝑣inc𝜌𝐵𝑉𝐵 , at the bottom of the soil column.
Fig. 7. Exemplary waveforms from the training data for the soil column with asymptotically varying shear modulus over depth.
mean of the training set of the data matrix; and 𝐴max
train and 𝐴min

train are the
maximum and minimum values of the training set of the data matrix,
respectively. The mean, maximum, and minimum values are retained
for the eventual de-normalization of the predicted data, which are
obtained from the application of ANNs. The vertical-axes of Figs. 7(c)
and 7(d) show the normalized scales of data, i.e., from orders around
10−6 or 10−7 to values between −1 to 1. The shape of the waveform
does not change due to the linear nature of the normalization. Lastly,
the normalized data are fed into the constructed DNNs and CNNs,
8

aiming to create a data-informed framework that is capable of seismic
source inversion.

4. Numerical experiments and performance evaluation

The DNN and CNN architectures, trained to predict waveforms on
the output layer, are evaluated on the basis of accuracy, which is
determined by the evaluation metric described by Eq. (10). We use the
TensorFlow 2 framework and take advantage of its training tools, such
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as automated differentiation, in order to train the DNN and CNN. We
train both the DNN and CNN for two different soil profiles, described in
Section 3.4.2, by using data sets generated according to the procedure
detailed in Section 3.4.

4.1. Example 1: soil column with an asymptotically-varying shear wave
speed

Our trained DNN, when tested on the 2000 test data sets, predicts
a targeted output-layer waveform, with an average error of 0.27%, a
median error of 0.21%, a maximum error of 2.37%, and a minimum
error of 0.07%. The decrease in MSE during the training process of
our DNN over iterations (epochs) is presented in Fig. 8(a), where the
MSE for the training data set and that for the validation data set
are shown individually. The value of MSE for the training data set is
smaller because the coefficients of the DNN are determined by using the
training data set. The distribution of the error metric (Eq. (10)) of DNN-
predicted waveforms over the 2000 test data samples is presented in
Fig. 8(b). Furthermore, the two best and two worst waveforms, among
all the samples, based on the prediction accuracy of the waveforms, are
presented in Figs. 9 and 10, respectively. Fig. 10 (worst cases) shows
that the DNN predicts a targeted waveform fairly accurately, except
at regions with sharp spikes, which corresponds to high-frequency
content. Because the FEM inherently performs as a low-pass filter, and
the damped soil model enhances the low-pass filtering effects, it is
hard for the ANNs to find the relationship between the high-frequency
content (e.g., spike) in an incident signal and a measured motion at
the ground surface. Accordingly, we found when a low-pass filter,
with a high-cut of 10 Hz, is applied to the incident waveforms of the
training set, the prediction error of ANNs decreases in the test data
set. It is reasonable to assume that frequency contents above 10 Hz
are negligible in typical particle velocity recordings, especially if the
recording has occurred relatively away from a hypocenter because
geomaterials serve as natural low-pass filters. Therefore, the frequency
content of the measured seismic records in our data sets, for the low-
pass filtered incident waveforms, is likely to be similar to that of a
realistic signal.

Similar to the DNN, the CNN is also used to predict the 2000 output-
layer waveforms for the test samples. This results in a mean error
of 0.05%, a median error of 0.04%, the highest error of 0.83%, and
the lowest error of 0.02%. Fig. 11(a) shows the reduction of MSE
over iterations during the CNN training. Fig. 11(b) represents the error
distribution of the CNN prediction on the 2000 test samples. Two of
the best and worst predicted waveforms using our CNN are shown in
Figs. 12 and 13, respectively. Fig. 13 demonstrates that even the worst
CNN-predicted waveforms have very small errors (0.69% and 0.83%).

In addition to the successful prediction of the 2000 waveforms in
the test data set, our trained DNN and CNN are also examined for the
reconstruction of a real-world incident waveform. We use the waveform
corresponding to the 1994 Northridge earthquake in California, which
is considerably different from records we generated with our waveform
randomizer. To this end, we feed the 1994 Northridge record to our
one-dimensional wave simulator as an input, and then, measure the
corresponding waveform at the top of the soil column. The measured
waveform is then fed into our DNN and CNN to predict the incom-
ing wave motion. The waveforms generated by the DNN and CNN,
trained as mentioned earlier, are presented in Figs. 14(a) and 14(b),
respectively. Overall, our data-informed framework has reconstructed
the incoming Northridge waveform satisfactorily. The prediction error
is 9.07% for the DNN and 3.81% for the CNN.

4.2. Example 2: 4-layer soil column

We examine the performance of our DNN and CNN for a dif-
ferent soil profile now. When the 4-layer soil column described in
9

Section 3.4.2 is used, our DNN produced a mean average error of
Table 1
Performance summary of the ANNs for Example 1: asymptotically-varying soil column,
and Example 2: 4-layered soil column.

Error type/data set Example 1 Example 2

DNN CNN DNN CNN

Mean error of the test data set 0.27% 0.05% 0.26% 0.06%
Median error of the test data set 0.21% 0.04% 0.19% 0.05%
Maximum error of the test data set 2.37% 0.83% 2.73% 0.80%
Minimum error of the test data set 0.07% 0.02% 0.08% 0.02%
Error for the Northridge earthquake record 9.07% 3.81% 7.68% 3.22%

0.26%, a median error of 0.19%, a maximum error of 2.73%, and a
minimum error of 0.08% on the test samples. The decrease in MSE
over multiple iterations during the training of the DNN and the error
distribution associated with the test data set are shown in Figs. 15(a)
and 15(b), respectively. Two of the best and worst DNN-predicted
waveforms in the test data set are presented in Figs. 16 and 17,
respectively.

The CNN architecture for the 4-layer soil column, produced an
average error of 0.06%, with a median error of 0.05% on the test data
set. The highest and lowest errors are 0.80%, and 0.02%, respectively.
The reduction in MSE over multiple iterations of CNN training is
presented in Fig. 18(a), and the prediction error associated with the
test data set is shown in Fig. 18(b). Two of the best and the worst
CNN-predicted waveforms are shown in Figs. 19 and 20, respectively.

Next, we use the DNN and CNN to reconstruct the 1994 Northridge
earthquake waveform, similar to what we did in Section 4.1. The
predicted results are presented in Figs. 21(a) and 21(b). The prediction
error is 7.68% for the DNN and 3.22% for CNN.

The performance of the DNN and CNN for both soil profiles is
summarized in Table 1.

4.3. Effects of noise in measured data on the performance of the ANNs

To examine the robustness of the ANNs in realistic settings, where
measured data are likely contaminated with noise, we consider differ-
ent levels of noise, from 1% to 5%, during the training process. We
generate the noisy waveform, 𝑢noisy(𝐿, 𝑡), through:

𝑢noisy(𝐿, 𝑡) = 𝑢(𝐿, 𝑡) + 𝐵 𝑢max(𝐿, 𝑡) 𝛿, (12)

where 𝐵 is an array of normally-distributed random numbers ranging
(−1, 1) and contains 𝑚 (i.e., the number of the time steps in the
data) components; 𝑢max(𝐿, 𝑡) is the maximum value of the measured
displacement at the receiver on a considered soil column; and 𝛿 is the
noise level.

Next, we assess the performance of CNN and DNN predictions for
the 1994 Northridge earthquake record, where noise has been added
to the measured signal per Eq. (12). Table 2 shows the summary of our
results: the first row of the table corresponds to a DNN that was trained
with a noise-free data set. We then evaluate the performance of this
DNN for the reconstruction of the Northridge earthquake waveform,
where its associated input-layer data are contaminated with varying
levels of noise. The performance of the DNN under these levels of
noise seems satisfactory. In subsequent rows of Table 2, we add noise
to the data set used to train the DNN, and evaluate the performance
of the neural network for the Northridge earthquake waveform with
varying levels of noise in measured signals. Overall, it appears that the
DNN performs robustly when noise is present in the measured data.
The corresponding results for CNN are presented in Table 3. All these
results correspond to the soil profile with the asymptotically-varying
shear wave speed. The corresponding results for DNN and CNN, for
the case with the 4-layer soil profile, is presented in Tables 4, and 5,
respectively. These results are also shown graphically in Figs. 22 and
23, for the two soil profiles, and all indicate the robust performance
of the DNN and CNN when noise is present. Both Figs. 22(a) and
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Fig. 8. Example 1: The MSE history for training and validation samples, and performance of the DNN on test samples for a soil column with an asymptotically-varying shear
wave speed.
Fig. 9. Example 1: The two best waveform predictions, among the test samples, predicted by using the DNN for the soil column with an asymptotically-varying shear wave speed.
Fig. 10. Example 1: The two worst waveform predictions, among the test samples, predicted by using the DNN for the soil column with an asymptotically-varying shear wave
speed.
23(a) show a similar trend where the performance of a DNN trained
without noise worsens as higher levels of noise is introduced in test
10
data sets. However, the performance of DNNs trained with noise levels
between 1% to 5% shows better results with increasing levels of noise.
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Fig. 11. Example 1: The MSE history and performance of the CNN on the test samples for a soil column with an asymptotically-varying shear wave speed.
Fig. 12. Example 1: The two best waveform predictions, among the test samples, predicted by using the CNN for the soil column with an asymptotically-varying shear wave speed.
Fig. 13. Example 1: The two worst waveform predictions, among the test samples, predicted by using the CNN for the soil column with an asymptotically-varying shear wave
speed.
Furthermore, a similar trend is observed in Figs. 22(b) and 23(b),
but CNNs trained with noise levels between 1% to 5% perform a bit
11
worse as the noise level increases in the test data sets. Overall, the
performances of both DNN and CNN are satisfactory. However, the
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Fig. 14. Example 1: The reconstruction of the 1994 Northridge earthquake incident waveform, using the DNN and CNN, for the soil column with an asymptotically-varying shear
wave speed.

Fig. 15. Example 2: The MSE history, and performance of the DNN for the 4-layer soil column.

Fig. 16. Example 2: The two best waveforms, among the test samples, predicted by using the DNN for the 4-layer soil column.
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Fig. 17. Example 2: The two worst waveforms, among the test samples, predicted by using the DNN for the 4-layer soil column.

Fig. 18. Example 2: MSE history, and performance of the CNN for the 4-layer soil column.

Fig. 19. Example 2: The two best waveforms, among the test samples, predicted by using the CNN for the 4-layer soil column.
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Fig. 20. Example 2: The two worst waveforms, among the test samples, predicted by using the CNN for the 4-layer soil column.

Fig. 21. Example 2: The reconstruction of the 1994 Northridge earthquake incident waveform, using the DNN and CNN, for the 4-layer soil column.

Fig. 22. Example 1: prediction error of the Northridge record, using DNN and CNN, and various noise levels, for the soil column with an asymptotically-varying wave speed.
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Fig. 23. Example 2: prediction error of the Northridge record, using DNN and CNN, and various noise levels, for the 4-layer soil column.
Table 2
Prediction error of the Northridge record, using DNN and various noise levels, for the
soil column with asymptotically-varying wave speed.

Noise level in measured signal

0% 1% 2% 3% 4% 5%

Training noise

0% 9.07% 9.61% 9.90% 10.28% 10.76% 11.32%
1% 10.05% 9.77% 9.55% 9.40% 9.31% 9.26%
2% 10.13% 9.78% 9.54% 9.35% 9.23% 9.19%
3% 10.77% 10.12% 9.59% 9.14% 8.78% 8.49%
4% 11.65% 11.02% 10.48% 10.03% 9.63% 9.28%
5% 11.86% 11.09% 10.43% 9.91% 9.46% 9.05%

Table 3
Prediction error of the Northridge record, using CNN and various noise levels, for the
soil column with asymptotically-varying wave speed.

Noise level in measured signal

0% 1% 2% 3% 4% 5%

Training noise

0% 3.81% 4.24% 5.83% 8.11% 10.85% 13.82%
1% 3.67% 3.43% 3.58% 3.98% 4.54% 5.23%
2% 3.74% 3.49% 3.53% 3.73% 4.05% 4.47%
3% 4.40% 3.91% 3.74% 3.74% 3.82% 3.99%
4% 4.20% 3.88% 3.75% 3.76% 3.84% 3.99%
5% 4.11% 3.84% 3.82% 3.92% 4.10% 4.30%

DNN appears to be more tolerant to noise than CNN as the noise level
in the training data set increases.

4.4. Performance of ANNs when actual seismic events are used to generate
the training data set

In this example, we study the performance of our ANNs, when they
are trained by using a training data set whose incident waveforms,
𝑣inc(𝑡), are generated such that they resemble realistic seismic records.
We compare the performance of the ANNs when trained in this manner,
against the performance results reported in Sections 4.1 and 4.2, where
the training data set did not resemble realistic seismic records.

To this end, we modified the two-dimensional waveform random-
izer of Section 3.4, to use four different 18s-fragments of actually
recorded earthquakes5 as the first body force, to generate wave motion

5 We used the 1979 Coyote Lake record, the 1922 Parkfield record, and
wo fragments of the 1995 Kobe record.
15
Table 4
Prediction error of the Northridge record, using DNN and various noise levels, for a
4-layer soil column.

Data set Noise Level in a measured signal

0% 1% 2% 3% 4% 5%

Noise in training

0% 7.68% 8.14% 8.34% 8.60% 8.96% 9.40%
1% 9.48% 9.06% 8.68% 8.40% 8.19% 8.04%
2% 9.35% 8.66% 8.07% 7.62% 7.28% 7.00%
3% 9.79% 9.20% 8.71% 8.32% 9.05% 7.74%
4% 10.88% 9.88% 9.07% 8.42% 7.92% 7.54%
5% 9.42% 8.66% 8.01% 7.49% 7.09% 6.76%

Table 5
Prediction error of the Northridge record, using CNN and various noise levels, for a
4-layer soil column.

Data set Noise Level in a measured signal

0% 1% 2% 3% 4% 5%

Noise in training

0% 3.22% 4.01% 5.75% 8.10% 10.74% 13.65%
1% 3.40% 3.51% 3.98% 4.67% 5.45% 6.88%
2% 3.52% 3.44% 3.63% 3.97% 4.37% 4.86%
3% 3.63% 3.56% 3.69% 3.97% 4.30% 4.67%
4% 3.75% 3.61% 3.67% 3.86% 4.12% 4.42%
5% 3.89% 3.76% 3.76% 3.91% 4.12% 4.35%

in the domain. This way, particle velocities, extracted from the domain,
closely resembled realistic seismic records. To induce additional ran-
dom reverberation, we modified the two-dimensional domain shown
in Fig. 5 to have six layers, instead of four. Then, we applied eighteen
body forces, consecutively, to generate wave motion in the domain.
The first body force is the velocity field of one of the aforementioned
actually recorded earthquakes, where its location in the domain is
randomly chosen by the randomizer. Next, the remaining seventeen
body forces, which have a Ricker wavelet temporal signature, are
applied at various locations, with varying values for central frequency
and peak amplitude. The time interval between each body force is
1 s, i.e., the first body force (the actual seismic record) is applied at
𝑡 = 0 s, the second one (i.e., a Ricker wavelet) at 𝑡 = 1.0 s, the third
one at 𝑡 = 2.0 s, and so on. Lastly, the particle velocity records are
extracted from pre-defined locations. Algorithm 2 describes the details
of the randomizer used in this section, and Fig. 24 shows an exemplary
extracted particle velocity waveform that is used as incident waveform
in a training data set.
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Fig. 24. A sample incident waveform in a training data set from Section 4.4.
r
t

c
i
s
4
p
d
d
c
a
d
a
c

m

i
s

Algorithm 2 Modified two-dimensional waveform randomizer to
generate training, validation, and test data sets
1: Set the total number of iterations = 1000 and the number of body forces

= 18.
2: for iteration ← 1 to (total number of iterations) do
3: Randomly set the values of shear wave speed (𝑉𝑠) of each soil layer out

of six layers and each inclusion out of 3 inclusions in the domain by
using the following ranges:
150 ≤ 𝑉𝑠1 , 𝑉𝑠2 , 𝑉𝑠3 , 𝑉𝑠4 , 𝑉𝑠5 , 𝑉𝑠6 ≤ 500 m/s
800 ≤ 𝑉𝑠7 , 𝑉𝑠8 , 𝑉𝑠9 ≤ 1200 m/s.

4: Build mass, stiffness, and damping matrices.
5: for body force index ← 1 to (number of body forces) do
6: if body force index = 1 then
7: Realistic earthquake signal = Coyote Lake, Parfield, Kobe, or

Kobe-2.
8: Horizontal and vertical coordinates of the location (𝑠𝑥 and 𝑠𝑦

respectively) of the realistic earthquake signal are randomly chosen
within the following ranges:
5 ≤ 𝑠𝑥 ≤ 30 m,
5 ≤ 𝑠𝑦 ≤ 55 m.

9: else
0: The amplitude (𝑃 ), frequency (𝑓 ), 𝑠𝑥, and 𝑠𝑦 of each Ricker wavelet

are randomly chosen within the following ranges:
-(50% of realistic earthquake signal’s peak amplitude) ≤ 𝑃 ≤ (50%
of realistic earthquake signal’s peak amplitude),
0.1 ≤ 𝑓 ≤ 0.8 Hz,
5 ≤ 𝑠𝑥 ≤ 30 m,
5 ≤ 𝑠𝑦 ≤ 55 m.

11: end if
12: (body force index) ← (body force index)+1.
13: end for
14: Solve the 2D wave propagation problem.
15: Extract the particle velocity signals from twelve different defined

locations.
16: Use a low-pass filter to smooth each particle velocity signal.
17: Add zero-valued particle velocity at the last 150 time steps of each

particle velocity signal.
18: Save each filtered particle velocity signal to be used as an incoming

(incident) seismic signal, 𝑣inc(𝑡), in the one-dimensional wave solver and
as output-layer features in the presented DNN and CNN.

9: iteration ← iteration+1.
0: end for

As seen from Figs. 25 and 26, and Table 6, using realistic records
eads to a slightly smaller error in DNN, but a slightly larger error
n CNN.6 While the prediction accuracy in the DNN has improved,

6 Compared to results presented in Sections 4.1 and 4.2, where the incident
aveforms in the training data set did not resemble realistic earthquake

ecords.
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Table 6
The comparison of accuracy of the ML prediction of the Northridge signal between
the ANNs based on a training data set, where incident waveforms (𝑖) do not
esemble realistic earthquake signals – Sections 4.1 & 4.2 – versus (𝑖𝑖) do resemble
hem—Section 4.4.
Soil type Sections 4.1 & 4.2 Section 4.4

DNN CNN DNN CNN

Asymptotic 9.07% 3.81% 7.66% 4.68%
Multi-layered 7.68% 3.22% 6.45% 4.37%

and the prediction accuracy in the CNN has decreased, the CNN still
outperforms DNN in predicting the Northridge seismic record.

4.5. Impact of subsurface uncertainty on prediction accuracy

Site response analysis, as well as the data-informed framework
we discussed herein, rely on the characterization of the site under
investigation. That is, they take material properties (e.g., P- and S-
wave velocities, attenuation properties, etc.) as known input values.
In practice, it is often challenging to accurately profile a site, and our
assumptions or knowledge of the subsurface may differ from reality.
Quantifying subsurface uncertainty is an active area of research [48,
49]. Herein, we investigate the impact of subsurface uncertainty on the
performance of our data-informed framework.

The true profile of a site is typically not known in practice, and site
haracterization techniques (e.g., FWI, SASW, or MASW) produce an
maged profile in their quest to find the true profile. Here, we consider
ix different exemplary true profiles that could possibly give rise to a
-layered imaged profile7 (Fig. 27). Shear wave velocity at each true
rofile is assigned randomly, at 5 m sub-layers, by using a Gaussian
istribution. Namely, at each sub-layer, the mean of the Gaussian
istribution is the value of the imaged profile at that sub-layer; we also
onsider three sets of standard deviations, corresponding to 15%, 20%,
nd 30% of the mean value, reflecting more uncertainty as standard
eviation increases. The imaged profile is set to be the same as the
forementioned 4-layered soil profile, which has a depth of 100 m, and
omprises four equal sub-layers with 𝑉𝑠1 = 300 m/s, 𝑉𝑠2 = 250 m/s, 𝑉𝑠3
= 200 m/s, and 𝑉𝑠4 = 150 m/s. We assume that the damping ratio and

ass density of the true and imaged profiles are the same.

7 It may be more natural to consider one true profile, and six corresponding
maged profiles. However, as it becomes clear later, this choice would neces-
itate training the ANNs six times. Doing it the other way around limits the
raining process to one imaged profile, reducing our computational effort.
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Fig. 25. ML prediction of the Northridge record for the soil column with an asymptotically-varying shear waves peed, where training data involves actual seismic records.
Fig. 26. ML prediction of the Northridge record for the 4-layered soil profile, where training data involves actual seismic records.
Next, we train8 our ANNs by using the imaged profile, i.e., soil
profile that deviates from reality. Then, we analyze the performance
of our trained ANNs by using the 1994 Northridge record. To resemble
a realistic scenario, the Northridge record is propagated through each
of the true profiles, using DEEPSOIL. Fig. 28 shows the ANNs that are
trained by using the imaged profile are able to predict the Northridge
record satisfactorily, with a maximum error of 11.0%. The errors
corresponding to these uncertain soil profiles – a reflection of reality
– are slightly higher than those reported in Sections 4.2 and 4.4 and
are summarized in Tables 7 and 8. Overall, it appears that when there
is a mismatch between the true and imaged profiles due to subsurface
uncertainty, the ANNs can still produce satisfactory results.

5. Computational cost of the presented method

We compare the computational cost of our data-informed method
with that of the gradient-based method discussed by Jeong and Seylabi
[41]. In general, providing an accurate comparison is difficult due to us-
ing different hardware and software for different parts, where some of

8 Indeed, the ANNs have already been trained for the 4-layered soil profile
y using training data from Section 4.2 (realistic earthquake records excluded
rom the data-generation process) and Section 4.4 (realistic earthquake records
ncluded in the data-generation process).
17
the tools or computer runs may have benefited from a more optimized
code or faster hardware than others. Nevertheless, our comparison still
provides a general idea about the computational cost of each approach.

Data generation for training the neural networks was performed on
a CPU, and took us about 3 h, where the random waveform generator
(Section 3.4.1) took about 2 h, and using these random waveforms of
𝑣inc(𝑡) in our one-dimensional wave simulator to compute the corre-
sponding time histories at the ground surface of 𝑢(𝐿, 𝑡) (Section 3.4.2)
took about 1 h. We note that the former data of 𝑣inc(𝑡) can be reused for
other sites and situations, whereas the latter part of 𝑢(𝐿, 𝑡) is unique to
each site based on its own soil profile. We also note that generating
each record is independent from other records, and, therefore, data
generation can be parallelized. Once the training data are available,
the training itself takes about 16 minutes for the DNN architecture and
about 10 minutes for the CNN architecture on a GPU. The inference
part takes only a fraction of a second. We note that the data gener-
ation and training process can be done before a real seismic event
(e.g., Northridge) is recorded. With the advantage of pre-earthquake
training, once the recording of the ground motion is completed, the
inference task (i.e., running the trained DNN or CNN) can be done
almost instantaneously.

On the other hand, the technique, discussed by Jeong and Seylabi
[41], uses the apparatus of PDE-constrained optimization to compute
the incoming seismic waveform 𝑣inc(𝑡). For problems similar to those
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Fig. 27. Six different exemplary true soil profiles with: (a,b) 15%, (c,d) 20%, and (e,f) 30% deviation from the 4-layered imaged profile. To investigate the impact of subsurface
ncertainty, ANNs are trained by using the imaged profile and tested by using the true profiles.
Table 7
Comparison of the ML prediction errors for the Northridge record when subsurface uncertainty is present.
ANNs were trained using the 4-layered imaged profile, and tested via different true profiles. Training data
are purely synthetic.
Considered soil profile for ANN performance evaluation DNN CNN

4-layered imaged profile (results are shown in Section 4.2, Fig. 21) 7.68% 3.22%
True profile a: 15% deviation from the imaged profile 7.21% 5.92%
True profile b: 15% deviation from the imaged profile 7.64% 5.13%
True profile c: 20% deviation from the imaged profile 7.88% 5.63%
True profile d: 20% deviation from the imaged profile 9.42% 6.82%
True profile e: 30% deviation from the imaged profile (Figs. 28(a) and 28(b)) 11.53% 7.92%
True profile f: 30% deviation from the imaged profile 11.69% 8.71%
considered in this study, the approach based on PDE-constrained opti-
mization takes several hours to predict the incoming wave motion on
a CPU once the recording of the ground motion is finished. Thus, in
urgent situations, where 𝑣inc(𝑡) should be inferred immediately after an
arthquake, the presented DNN or CNN may be preferable due to its
ow computational cost.
18
For the one-dimensional problems we considered here, it appears
that our data-informed framework is considerably faster when com-
pared to techniques that rely on PDE-constrained optimization. We
speculate this remains true for multi-dimensional incident seismic-wave
inversion problems as well. We plan to investigate this hypothesis in the

future.
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Fig. 28. Northridge record prediction for the true soil profile in Fig. 27(e) with 30% deviation from the 4-layered imaged profile.
Table 8
Comparison of the ML prediction errors for the Northridge record when subsurface uncertainty is present.
ANNs were trained using the 4-layered imaged profile, and tested via different true profiles. 𝑣inc(𝑡) in Training
data mimic actual recorded seismic events.
Considered soil profiles for ANN performance evaluation DNN CNN

4-layered imaged profile (results are shown in Section 4.4: Fig. 26) 6.45% 4.37%
True profile a: 15% deviation from the imaged profile 7.47% 5.85%
True profile b: 15% deviation from the imaged profile 6.70% 4.72%
True profile c: 20% deviation from the imaged profile 7.06% 5.37%
True profile d: 20% deviation from the imaged profile 8.90% 6.02%
True profile e: 30% deviation from the imaged profile (Figs. 28(c) and 28(d)) 9.74% 7.97%
True profile f: 30% deviation from the imaged profile 9.84% 8.52%
6. Extension to three dimensions

The presented methodology can be extended to three-dimensional
problems. The main enablers include: (a) a three-dimensional wave
simulator that likely uses parallel algorithms on modern computing
architectures [50–52]; and (b) the domain reduction method (DRM)
that brings incoherent waves of any incident angles as equivalent
effective seismic body forces at a DRM layer [53]. One could then
reformulate the presented ANN framework such that the dynamic force
at each discrete node on a DRM layer, within a truncated domain, will
be identified based on measured seismic data. The extension of the
presented ANN framework to three-dimensional models, powered by
the DRM, would likely allow users of the method to accurately identify
unknown incoming seismic waves, which are modeled as equivalent
effective seismic body forces at a DRM layer, from measured seismic
19

data, likely in real-time. Such a potential future work will need a cluster
with a number of GPU processors of high memory capacity because
coefficient (e.g., weight) matrices will likely be dense and larger than
those considered in the presented one-dimensional study.

7. Conclusions

We demonstrated the effectiveness and robustness of using a data-
informed framework for identifying the incoming seismic wave motion
on bedrock under a soil column using ground surface measurements.
The underlying soil profile is assumed to be one-dimensional, permit-
ting perfectly vertical plane shear waves. We considered both deep
and convolutional neural networks and showed their ability to learn
important feature relationships between the input-layer data (measured
surface displacements) and the output-layer data (velocity history of
the incoming wave motion) for the seismic-input-inversion problem.

We demonstrated the robustness of our framework by using a blind test
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example (the Northridge record) and noisy measurements, where input-
and output-layer data differed considerably from those considered in
the training data set. We considered two different training sets: the first
set contained purely synthetic records (Sections 4.1 to 4.3), whereas
the second set involved records of actual seismic events (Section 4.4).
We evaluated the performance of our ANNs in both situations. We also
investigated the impact of subsurface uncertainty on the performance
of our ANNs, where the ANNs were trained by using a 4-layered imaged
profile that deviated from a corresponding 16-layered true profile. The
rue profile was used for evaluating the performance of the ANNs, and
he results indicated satisfactory performance. While we only consid-
red one-dimensional soil profiles in this study, our approach is quite
eneral and can be extended to two- and three-dimensional problems.

Multi-dimensional inverse-source problems require gradient-based
ethods, where they rely on repeated solutions of a state, adjoint, and

ontrol problem [23]. While these techniques are accurate and robust,
hey are computationally expensive even for one-dimensional prob-
ems. We demonstrated that our data-informed method is considerably
ast, and we expect to see similar performance for multi-dimensional
roblems. Based on the successful performance of the data-informed
ethod in the one-dimensional cases we considered in this study, we
lan to investigate the extension of our approach to multi-dimensional
ettings.

omenclature

Symbol Comment
𝑥, 𝑦, 𝑧 Horizontal, vertical, and anti-plane directions,

respectively
𝑡 Time
𝑇 Final time; total observation duration
𝐿 The 𝑥-coordinate of the top surface of the soil column
𝐊,𝐂,𝐌 Global stiffness, damping, and mass matrices
𝐅 Global force vector
𝑢(𝑥, 𝑡) Displacement field of the wave motion
𝑢inc Displacement time-history of an incident wave
𝑣inc(𝑡) Incoming seismic wave
𝜇, 𝜇𝐵 Shear modulus of a soil layer, and the bedrock
𝑉𝑠, 𝑉𝐵 Shear wave speed of a soil layer, and the bedrock
𝜌, 𝜌𝐵 Mass density of a soil layer, and the bedrock
𝐂R Rayleigh damping matrix
𝜉 Damping ratio of a soil layer
𝑓𝑖, 𝑓𝑗 Control frequencies for the Rayleigh damping
𝜂 Mode number
𝑉𝑠 Average shear wave speed of the soil column
𝑤 Weight coefficient between two successive neurons at

neighboring layers
𝑞 Feature (or neuron) from a previous layer
𝑑 Size of the data from a previous layer
𝑏 Bias associated with each neuron
𝑎 Outcome of a specific ANN layer after application of

weights and bias
𝑖 The 𝑖th sample; the 𝑖th neuron
𝑗 The 𝑗th time step
𝑓LReLU LReLu activation function
𝑟 The outcome from the application of LReLU activation

function
𝑛 Number of samples of data
𝑚 Number of time steps of data
𝑣̂inc Counterpart of the ANN-predicted output-layer data
MSE Mean-squared error
𝜖 Error function between a target seismic wave and its

counterpart
𝑓 , 𝑃 Frequency and amplitude of a Ricker wavelet signal
20

a

𝑠𝑥, 𝑠𝑦 Horizontal and vertical coordinates of the location of
source in a 2D domain

𝐴, 𝐴𝑛 Non-normalized and normalized components of the
data matrix

𝐴mean
train Mean value of the training set of the data matrix

𝐴max
train, 𝐴min

train Maximum, and minimum values of the training set of
the data matrix.

𝑢noised Noisy displacement signal
𝑢max Maximum value of 𝑢(𝐿, 𝑡) on a soil column
𝐵 Array of normal-distributed random numbers ranged

(−1,1)
𝛿 Noise level
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Appendix. Verification of the one-dimensional wave simulator

Prior to the data generation for training, validating, and testing
the presented ANNs, we verify our one-dimensional wave simulator,
written in MATLAB, by comparing our wave response on the top surface
of a soil column with the reference solution obtained by using the
DEEPSOIL software, developed by Hashash et al. [54]. This verifica-
tion considers the 4-layered soil column and the underlying bedrock
described in Section 3.4.2. In addition, the velocity time-history of the
1979 Coyote Lake earthquake is used as the incident wave, 𝑣inc(𝑡), in
he soil column. In our one-dimensional setting, the soil column is
iscretized by using an element size of 0.01 m, while in the DEEPSOIL
imulation, each one of the four layers is divided into 25 sub-layers
f 1 m in length. The time-step is 0.01 s. Fig. A.29 shows excellent

greement between the acceleration field of the wave response from
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Fig. A.29. Comparison of acceleration time-histories at the ground surface: DEEPSOIL
(reference solution) vs. one-dimensional wave simulator used in this study.

our one-dimensional wave simulator and that corresponding to the
reference solution, both on the top surface of the soil column. This
comparison provides reasonable confidence in the correctness of our
wave simulator to generate data samples for our ANNs.
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