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ABSTRACT

Full waveform inversion (FWI) is a valuable technique for estimating high-resolution
subsurface physical property models. It has become a potent tool for time-lapse seismic
inversion. Due to the high resolution feature of underground structures, VSP data have to
used to monitor changes in reservoir profiles during activities like injection and production,
as well as for long-term CO2 storage. Nevertheless, FWI faces a significant computational
burden, elastic FWI takes much more efforts than acoustic FWI, and time-lapse FWI typi-
cally involves at least two FWI computations. Source-encoding strategies can be employed
to accelerate the inversion, however, they will eventually introduce crosstalk noise in the
inversion results and this phenomena is more obvious in elastic cases.

Acoustic full waveform inversion is usually the first choice for velocity model building
due to its efficiency and robustness. However the recorded field data always contain elastic
effects due to such as PS and SP-wave conversions, even in marine acquisitions. In this
work, we adopt a deep learning approach to mitigate the elastic effects in VSP data. We
train convolutional network to map elastic shot gathers into their acoustic counterparts, and
perform acoustic FWI using the pseudo-acoustic shot gather. Our experiments show that
the transformed acoustic data can match well with the direct simulated acoustic data. And
the inversion results also show improvement compared with the inversion result by acoustic
FWI using elastic data.

INTRODUCTION

monitoring

Time-lapse seismic analysis is extensively employed for monitoring changes in subsur-
face properties, such as those arising from oil/gas production or CO2 injection (Greaves
and Fulp, 1987; Ross and Altan, 1997; Wang et al., 1998; Barkved et al., 2003; Arts et al.,
2004; Barkved et al., 2005; Arts et al., 2004; Chadwick et al., 2009; Kazemeini et al.,
2010; Pevzner et al., 2017). The high-resolution feature of Vertical Seismic Profile (VSP)
data is attractive for seismic imaging (Daley et al., 2008). This is particularly relevant for
quantifying time-lapse variations induced by CO2 injection, which usually introduce small
velocity change in the reservior area.

Full-waveform inversion (FWI) has emerged as a potent tool for the time-lapse seismic
analysis, offering promising capabilities for tracking changes in reservoirs over time. FWI
is a high-resolution seismic imaging technique that leverages the full information contained
within seismic traces, including both amplitude and phase, to extract physical parameters
of the subsurface medium probed by seismic waves (Virieux and Operto, 2009; Virieux
et al., 2017), which is proposed by Tarantola (1984) in time domain to invert the subsurface
P-wave velocity model by minimizing the l2-norm of the difference between predicted and
observed data (Symes, 2008). Pica et al. (1990) further considered S-wave and extend FWI
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into elastic cases. While in the elastic case, the cycle-skipping issue gets more challenging.
Bunks et al. (1995) propose a multi-scale strategy to deal with the cycle skipping issue in
FWI.

Consequently, Full-Waveform Inversion (FWI) with VSP seismic data has emerged as a
promising strategy to resolve subsurface model properties and generate time-lapse images
for monitoring injected CO2 plumes (Podgornova et al, 2017; Egorov et al, 2018; Eaid et
al, 2020; Podgornova et al, 2022; Eaid et al, 2023).

However, FWI continues to suffer from a significant computational cost, primarily
due to its iterative and computationally intensive nature. In each iteration, the objective
function’s gradient must be computed concerning the model parameters, accomplished
by cross-correlating the backward-propagated residual wavefield with the corresponding
forward-propagated source wavefield. Calculating these two types of wave fields places
significant demands on computational resources, as it involves performing a substantial
number of times to solve the wave equation. For time-lapse FWI, the computational cost is
normally double or four times of that in 2D or 3D FWI. Therefore, there is an urgent need
to reduce computational complexity for time-lapse FWI. In addition, elastic FWI consider-
ing the elastic effects further makes computational overburden more severe. Considering
the Vs model makes the inversion much more complicated. And the multi-scale strategy
(Bunks et al., 1995) has to incorporated, which usually takes more iterations.

In time-lapse FWI, another issue we need to consider is the time-lapse strategy. The
most commonly used time-lapse FWI strategy is known as the parallel strategy (PRS)
(Lumley et al., 2003; Plessix et al., 2010), in which the baseline and monitor models are
independently inverted with the same initial model, and the inverted time-lapse change is
the difference between two inverted models. Due to different convergence in two inde-
pendent inversions, this strategy usually introduces artifacts in the final inverted time-lapse
change. Consequently, a series of more advanced time-lapse strategy have been proposed,
including the sequential strategy (SQS)(Routh et al., 2012), the double-difference strategy
(DDS)(Zheng et al., 2011; Zhang et al., 2012; Zhang and Huang, 2013), the common-
model strategy (CMS)(Hicks et al., 2016; Bortoni et al., 2021), the central-difference strat-
egy (Zhou and Lumley, 2021). While most of these implementations in time-lapse data are
based on acoustic FWI. We have expend the CMS to elastic time-lapse FWI and found out
that, compared to acoustic time-lapse case, elastic effects will also degrade the time-lapse
image. espectially when acquisition nonrepeatability issues and noise exsit in synthetic
experiments.

A efficient way to reduce the computational time is source-encoding strategies (Romero
et al., 2000; Krebs et al., 2009), which reduce the data dimension by encoding the individual
shot gathers into super-shots. However, these methods will eventually introduce crosstalk
noise into the inverted models.

Take into account the various factors mentioned earlier, despite the elastic nature of the
earth, the wavefield is usually assumed acoustic and the acoustic wave equation is typically
used to model wave propagation in FWI. This assumption is essential for being efficient,
espectially conducting FWI for frequent time-lapse monitoring surveys or large scale 3D
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datasets. However, neglecting the elastic effects will reduce the accuracy and resolution
of the recovered P-wave velocity models, as well as a loss in potential to constrain other
physical properties, such as the S-wave velocity given that amplitude information in the
observed data set is not fully used. (Agulo, et al., 2018).

To deal with this problem, many researches have been conducted. Chapman et al.(2014)
and Hobro et al. (2014) proposed acoustic wave equation with correction that accounts for
some elastic effects. Agulo et al. (2018) have proposed to use matching filters to cor-
rect elastic data to acoustic equivalents, and then perform acoustic FWI using corrected
data.The imprint of elastic effects on the recovered P-wave models is mitigated, leading to
better-resolved models than those obtained after conventional acoustic FWI. It costs more
than conventional acoustic FWI, but still much less than elastic FWI. Li et al. (2019) pro-
posed to use a deep learning approach to conduct the elastic data correction. and explored
different training strategies. Yao et al. (2020) applied generative adversarial networks to
perform elastic data correction in data domain, and also correct acoustic FWI updates in
the gradient domain. Voytan et al. (2022) extended the work by Li et al. (2019) to realistic
3D synthetic velocity model under narrow-azimuth marine streamer acquisition geometry.
besides of application to offshore field data test, this work also applied a deep convolutional
network to correct synthetic acoustic shot gathers to elastic equivalents.

In this work, we train a convolutional network to mitigate the elastic effects in VSP
data. Following Li et al. (2019) and Voytan et al. (2022). First, we conduct acoustic full
waveform inversion based on an initial Vp model, and then obtain a Vp model that we
can use to as an acoustic model to generate acoustic training data. Through assumptions
of Vp/Vs ratios, we can build a series of Vs models and generate elastic shot gathers for
network training. The generated elastic and acoustic shot gather pairs are used as inputs and
labels for the convolutional network. At last, we use the network to predict the transformed
acoustic counterpart of elastic shot gather, and perform acoustic FWI with the predicted
acoustic data.

METHOD

Mitigating elastic effects

Following Li et al. (2019) and Voytan et al. (2022), we train a deep convolutional
network (CNN) to learn a data driven mapping between shot gathers generated in an elastic
model and shot gathers in an acoustic model. We adopt the workflow proposed by Agudo.
First, we assume that we have access to observed data acquired at the surface and the
initial Vp model as is necessary for acoustic FWI. then we invert Vp for a few iteraion of
acoustic FWI from the initial model. in this way, we can obtain an acoustic model, which
will be used to simulate field data as well as build an elastic model through an assumption
of Vp/Vs ratio. This estimate is based on out initial Vs model and allows for variability
between subsurface structures.

After building the elastic models, we use them and the acoustic model to generate
synthetic acoustic and elastic shot gather pairs under the same acquisition geometry. Then
we use the data pairs to train a deep convolutional network to learn the mapping from an
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elastic shot gather to an acoustic equivalent. at last, we apply the trained network to elastic
observed data to perform acoustic FWI.

UNet

Training a CNN is equal to solving the following optimization problem:

min
θ

∥∥I label −Gθ (I)
∥∥2
2
,

where I label and I are acoustic label data and elastic input data to be transformed, re-
spectively (Li et al., 2019). Together they form a training dataset. The function Gθ is a
multi-layer convolutional neural network parameterized symbolically by θ. It maps from a
section in an elastic data shot gather to the corresponding part in an acoustic shot gather,
which are of the same dimensionality. Following Voytan et al. (2022), in this work, we
use a UNet as the training network. The architecture is shown in Fig 1. we designed the
UNet with 5 encoder layers and 5 decoder layers, each of which consists of a convolutional
layer, a Leaky ReLU layer, another convolutional layer and another Leaky ReLU layer,
followed by a maxpool layer. The U-Net architecture has proven effective in various com-

FIG. 1. Architecture of the convolutional neural network.

puter vision tasks, particularly in medical image analysis. Our U-Net architecture consists
of an encoder-decoder structure with skip connections. The encoding path, also known as
the contracting path, captures hierarchical features, while the decoding path, or expansive
path, reconstructs the input image from these features. This enables the network to cap-
ture both low-level and high-level details.The architecture is defined as follows: Encoder
Layers (Downsampling):The initial layer takes a single-channel input (e.g., grayscale im-
age) and applies a series of convolutions and leaky ReLU activations.Subsequent layers
consist of convolutional blocks followed by leaky ReLU activations and max-pooling op-
erations, reducing spatial dimensions. Decoder Layers (Upsampling):Each decoder layer
consists of an upsampling operation followed by convolutional blocks with leaky ReLU ac-
tivations. Skip connections connect corresponding encoder and decoder layers to preserve
fine-grained information. Output Layer:The final decoder layer outputs a single-channel
image with the Tanh activation function, suitable for regression tasks.
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Review of full waveform inversion in time domain

In a standard FWI problem, we minimize a misfit function

E(m), (1)

subject to
F(m)u(x, t) = s(x, t), (2)

where E is a function with respect of model parameters m, F(m) characterizes the seismic
wave equation, u(x, t) denotes the particle displacement at time t ∈ [0, T ] excited by an
external source s(x, t) and x denotes spatial coordinates .

The wave equation F(m) in elastic media can be expressed as (Aki and Richards, 2002)

F(ρ, λ, µ) = ρ(x)
∂2

∂t2
[·]−∇ ·

[
λ(∇ · [·])I + µ

(
∇[·] +∇[·]T

)]
,

where [ · ] is a place-holder for the variable acted upon by F(m) and I is the identity
operator. ρ, λ and µ denote density and the Lamé parameters. This elastic wave equation
can be solved by the stagger-grid finite-difference scheme (Virieux, 1986; Levander, 1988).
The objective function taking the least-squares norm of the misfit vector ∆u is given by

E(m) =
1

2
∆u†∆u =

1

2
‖uobs − usyn‖2

=
1

2
(uobs − usyn)T (uobs − ucal)

=
1

2

Ns∑
s=1

Nr∑
r=1

∫
T

|uobs (xr, t)− usyn (xr, t;m)|2 dt,

(3)

where † denotes the adjoint operator (conjugate transpose), the data misfit ∆u is defined
by the differences between the observed seismic data uobs and the synthetic seismic data
usyn recorded at the r-th receiver and generated by the s-th source ss for model m. Ns and
Nr denote she number of sources and receivers.

Via the conjugate gradient method, the model is updated iteratively according to

mk+1 = mk + αkδmk, (4)

where k is the iteration number, α the step length, and δmk is a search direction or descent
direction and can be derived from the gradient of the misfit function. The gradient of
E(m) with respect to m,∇mE, can be calculated efficiently using the adjoint-state method
(Plessix, 2006):

∇mE(x) = −
Ns∑
s=1

∫
T

u†obs (x, t) · ∂F
∂m

uobs (x, t) dt. (5)

where u†obs is the adjoint wavefield.
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SYNTHETIC EXAMPLES

In our study, we assume a constant density and perform EFWI for Vp and Vs using
the IFOS2D software (Bohlen et al., 2016). We use a down-sampled elastic Marmousi II
model to conduct experiments in EFWI. The model has a distance of 4100 m and a depth
of 1500 m in a grid with a size of 410 by 150 and a 10-meter spacing. The true Vp and
Vs models are plotted in Figure 2a and 2b. We employ the smoothed true models as the
initial models, which are plotted in Figures 3a and 3b. There is a 200 m-thick water layer
at the top of the model. The Vs model is created by prescribing a constant Vp/Vs profile
that equals to 1.7 from the sea bottom to 100m deeper. Below that is a linear 1-D transition
zone of another 100m, in which the ratio decreases from 3.0 to 1.7 (Fig. 4). The remaining
deeper part has a constant Vp/Vs ratio that equals to p3.0. We create the density model
according to the Gardner’s equation:

ρ = 310V 0.25
p kg/m3 (6)
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FIG. 2. True model: a) Vp model and b) Vs model.
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FIG. 3. The initial model: a) Vp model and b) Vs model.

Training data preparation

The training strategy is similar with the ones used by Agudo and Voytan we use training
data created from results of acoustic full waveform inversion of elastic, so that the trained
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networks are adjusted to the specific inversion problem. We first perform acoustic FWI of
elastic data, and use the inverted model to generate a series of elastic models. Then, we
use those models to compute a series of training datasets and construct a network that is
relevant to the specific geology in our inversion. This is similar to the work with Wiener
filters, but it differs in that we can use multiple Vp/Vs ratios and velocit ydensity relations
rather than a fixed one to accommodate a wide ranges of senarios since the true model is
unknown.

Each training input and label is a single shot gather of VSP data.

Network and Training

The U-Net is trained on a dataset comprising input images and corresponding ground
truth masks. The loss function used during training is tailored to the specific segmenta-
tion task, and optimization is performed using stochastic gradient descent (SGD) or other
suitable optimizers.

To evaluate the performance of our U-Net architecture, experiments were conducted
on a dataset of size (50, 1, 2400, 128), with the model trained on [mention your training
strategy, e.g., mean squared error loss] and validated on [mention your validation strategy].

The training problem is solved by the gradient-based optimization method ADAM
(Kingma and Ba, 2014) with a learning rate of 1e-4. The Mean Squared Error (MSE) loss
function is chosen to quantify the difference between predicted and ground truth labels.The
mean-squared-error (MSE) relative to the true model, defined as

MSE
(
M true,M inv

)
=

1

NzNx

Nz∑
i=1

Nx∑
j=1

(
M true

ij −M inv
ij

)2 (7)

Results

We first examine the full waveform inversion results using VSP configuration, we re-
spectively perform acoustic FWI using acoustic data, elastic FWI using elastic data, and
acoustic FWI using elastic data. The inverted result comparison is displayed in Fig 4.
From this figure, we can notice that the elastic effects are so severe in the VSP data in-
version. There’s so much information lost in the inverted model, we can barely generate
training data with meaningful information based the acoustic inversion result using elastic
data. In addition, we consider there is only one VSP well for acquiring data, the aperture is
very limited.
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FIG. 4. Full waveform inversion results using a VSP configuration a) acoustic FWI using acoustic
data, b) elastic FWI using elastic data and c) acoustic FWI using elastic data.

Thus, we consider to perform FWI using a surface acquision geometry. Similarly, we
perform FWI using different data and examine the elastic effects. The inversion result
comparison is shown in Fig 5. Compared with Fig 4, we can obtain much more subsurface
information from the inverted model by acoustic FWI using elastic data. Based on this
inverted model, we can build a Vp model with better aperture and resolution. Consider a
VSP configuration, we shorted the lateral dimension of the model, and obtain a Vp model
with dimension 170 by 240.
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FIG. 5. Full waveform inversion results using a surface configuration a) acoustic FWI using acoustic
data, b) elastic FWI using elastic data and c) acoustic FWI using elastic data.
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Then we proceed with inverted Vp model and create Vs models with different Vp/Vs
ratios (1.6, 1.65, 1.7, 1.75, 1.8) above the transition zone. The depth of the transition zone
is the same as in the true model and Vp/Vs ratio is 1.7 below the transition zone. In our
VSP data acquisition geometry, there are 300 shots that are 20 m deep in the water with
a 10 m shot interval, and 128 receivers in the acquisition well located from 220 m deep
with a 10 m receiver interval. The source time function is a Ricker wavelet with a central
frequency of 10 Hz. Overall, we model 1500 acoustic shot gathers and 1500 elastic shot
gathers. To build training and validation datasets, we select every 30th shot for testing. We
train 2400 images and reserve 500 for validation. The amplitude of the Ricker wavelet it
adjusted, so the amplitude of generated shot gathers are between -1 to 1.

In Fig 6, we display the shot gathers generated by acoustic and elastic models. The dif-
ferences between acoustic and elastic wave propagation are particulary pronounced on top
of structures where large shear impedance contrasts cause a significant fraction of energy
to partition into S-wave conversion. Compared with the acoustic shot gather shown in Fig
6a, there shows clear S-wave conversion energy in the elastic shot gather. And it dominates
the energy difference shown in Fig 6c. All sub figures are displayed under the same scale.
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FIG. 6. Simulated shot gathers from Marmousi model a) acoustic VSP data, b) elastic VSP data,
and c) the difference.

The deep learning algorithm is implemented in the PyTorch framework, parallelized on
one NVIDIA a100 GPU inside one node. It usually takes around 25 mins to complete one
epoch with 2400 training data. The total time to train one network from scratch is around 3
hours. The training loop is executed for a total of 1000 epochs. For each epoch, the U-Net
is trained on batches of seismic images and corresponding labels. The training loss is com-
puted using the MSE loss function.To monitor the model’s generalization performance, a
validation loop is implemented at regular intervals (every 5 epochs).This process is con-
ducted without gradient computation to speed up the evaluation. In Fig 7, we present the
train and validation loss curves.
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FIG. 7. Train and validation loss

We transform the elastic data with the network trained using the above training data
shown in Fig 6. In Fig 8 and 10, we present the predicted acoustic shot gathers when the
source is excited in the middle and middle right of the model. In Figure a) to c) are the
elastic input data, acoustic label data and predicted transformed acoustic data. In Figure
d) to e), we compare the difference between input and label, input and prediction, label
and prediction, respectively. Displayed under the same scale, we can notice that the trained
network can well mapping the elastic shot gathers into the acoustic counterparts.

In Fig 9 and 9, we also compare the spectra in both cases. From the comparisons,
we can see that the spectrum of predicted data can match well with the label data at most
frequencies, except below around 5 Hz.
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FIG. 8. Simulated shot gathers from Marmousi model a) acoustic VSP data, b) elastic VSP data,
and c) the difference
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FIG. 9. Spectra comparison between elastic, acoustic and transformed acoustic shot gathers.
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FIG. 10. Simulated shot gather from Marmousi model a) acoustic VSP data, b) elastic VSP data,
and c) the difference
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FIG. 11. Spectra comparison between elastic, acoustic and transformed acoustic shot gathers.

Then we conduct acoustic FWI using transformed acoustic data. To avoid the mismatch
of data at low frequency, we perform multi-scale FWI starting above 5 Hz. The inverted
result is shown in Fig 12, we can notice it has fewer elastic effects and exhibits much
improved inversion. The structures are better recovered, especially, the deeper part of the
model has higher resolution than the elastic data result.
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FIG. 12. Acoustic full waveform inversion result using transformed acoustic data.

CONCLUSIONS

We develop a deep convolutional network to correct VSP seismic data to mitigate elastic
artifacts in acoustic full waveform inversion of geophone VSP data. In this work, we
implemented and tested a deep-learning approach of using convolutional neural networks
to reduce elastic effects in observed VSP data for acoustic FWI. Our synthetic tests show
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that elastic wave phenomena can be effectively suppressed by the deep learning approach
and the models from acoustic FWI were significantly improved by using the transformed
elastic dataset. We use a series of models constructed from acoustic inversion of elastic
data to forward simulate training data related to the model to be inverted for. this method
can decrease the computational cost and improve the the monitoring efficiency.
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