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Abstract

Ideally, time-lapse seismic data from different vintages should be identical except at the target area (i.e.,
the reservoir). However, it is almost impossible to have identical data because of many factors, such
as different positioning of the sources and receivers and near-surface velocity variation, which result
in 4D noise and reduce the repeatability of the data. To increase the 4D signal and reduce the noise,
time-lapse cross equalization methods aim to match the monitor data to the baseline. Here, we propose
to implement the cross equalization intelligently using deep learning models. We specifically use a
convolutional autoencoder trained on the base data to later predict the matching using another fully
connected neural network in the latent space. We implement the approach on a synthetic data and show
an improvement in the repeatability by imaging the reservoir and computing the normalized root mean
square.



Introduction

Time-lapse (TL) seismic, also known as 4D seismic, is the process of repeatedly acquiring seismic
data in the same area but at different times. TL plays a significant role in monitoring fluid substitution
in a reservoir such as monitoring CO2 injection. The quality of the TL data depends mainly on the
repeatable signal (4D signal) relative to the non-repeatable noise (4D noise) (Nguyen et al., 2015).
With perfect repeatability, the differences between the baseline and monitor data reflects only the fluid
changes in the reservoir. Obtaining good repeatability is very challenging due to ambient noise, source-
receiver positioning, velocity variation in the near-surface and other survey factors (Bakulin et al., 2012;
Shulakova et al., 2014; Nguyen et al., 2015).

Various TL techniques have been proposed to improve the 4D signal. They are generally composed
of improving the acquisition and simultaneous 4D pre-stack processing based on the cross-equalization
(XEQ) method (Nguyen et al., 2015). In this research, we will focus on the XEQ in TL processing
that aims to correct for the small temporal differences between the surveys. The most commonly used
XEQ technique is the matched-filtering (Rickett and Lumley, 2001; Robinson and Treitel, 2000). It is
implemented by finding a convolutional operator matching the monitor to the baseline data. To avoid
over matching that can zero-out the differences caused by the target signals, the operator is found in a
short time window such that it does not contain any reservoir signal (Rickett and Lumley, 2001). This
setup does not allow us to accommodate variations of the needed correction with time.

In recent years, many deep learning (DL) methods have been proposed for seismic data preprocessing
(e.g. Ovcharenko et al., 2017, 2019; Sun and Demanet, 2019) and inversion (Araya-Polo et al., 2018; Sun
and Alkhalifah, 2019; Kazei et al., 2019). They are proven to be powerful tools in learning non-linear
functions and can help construct better cross-equalization processes. XEQ can be perceived as training
a single layer convolutional neural network. Deep networks are known to outperform those in various
signal processing tasks. In this abstract, we build a deep learning-based cross-equalization (DLXEQ).
Similar to the conventional XEQ, we propose to train the DL network on short shallow windows that do
not contain the target signal and then we infer to the deeper parts. This allows the network to learn the
static variation needed to match the surveys while preserving the reservoir signal.

Method

We propose to train two DL models. The first model is a convolutional autoencoder and the second
model is a fully connected neural network. The goal for the former is to learn a representation of the
data in a reduced dimension since it is easier to match in a smaller space. The latter is a fully-connected
neural network model responsible to implement the matching between the monitor and the baseline. In
both models, Adam is used as an optimizer with mean square error loss.

1- Convolutional Autoencoder (CAE)

A convolutional autoencoder is a neural network model that consists of two main parts. The first part
(Encoder) reduces the dimensionality of the data to a latent space while the second part (Decoder) re-
constructs the original dimension of the data. Courtesy of the convolutional layers, CAE can exploit and
capture spatial patterns which makes it preferred over the traditional dimensionality reduction methods
such as principal component analysis and discrete cosine transform (Liu and Grana, 2019).

The CAE structure is shown in Figure 1. It takes a 1D input of length 200 samples and reduces the
dimension to 50 in the latent space. One could reduce the dimension even more but we found this to be
good enough for our example that we will show in the result section. Since the monitor and the baseline
are very similar, the input for the autoencoder can be traces from all the surveys.
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Figure 1 The convolutional autoencoder (CAE) model.

2- Fully connected neural network (FCNN)

The goal of the FCNN is to map the monitor data in the latent space to the baseline data. Therefore,
the input for the FCNN is the encoded samples from the monitor and the output is the encoded samples
from the baseline. In our application, we use an FCNN with five hidden layers. The number of units in
each layer is four times the original space and the activation function is tanh.

After training, we can assemble the two models into a single one with the form "Encoder-FCNN-
Decoder" and use it directly for inference in the reservoir region without further training. One could
apply a final training to the integrated model but it will only train for a few epochs with negligible loss
improvement. It is important to do the training on windows that exclude the reservoir signal to avoid
over matching: that is to avoid training the network to zero-out the reservoir signal. A summary of the
workflow is shown in Figure 2.

Figure 2 Summary of the workflow.

Training

To validate the proposed approach, we use the acoustic wave equation to generate synthetic time-lapse
data. The Otway velocity model given in Figure 3(a) is used for the baseline. For the monitor, we added
random noise to the model with 50 m/s mean and 100 m/s standard deviation in the first 20 m depth in
addition to the reservoir signal as shown in Figure 3(b). We applied 121 shots separated by 20 m with a
25 Hz Ricker wavelet. We record the data for 2.5 s using 605 receivers.
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(a) (b)
Figure 3 (a) The Otway velocity model (Glubokovskikh et al., 2016) used to generate data for the base-
line and (b) is the reservoir signal and near surface noise added to the baseline for the monitor data.

For training, we choose a time window from 0.4 s to 1 s (500 time-samples) as the reservoir signature
has not yet been recorded in this window. Since the CAE in Figure 1 accepts an input of length 200
time-samples, we divide the selected time window into batches of size 200 time-samples with 100 time-
sample overlaps. In the far-offsets, the time-samples are mostly zeros with no signal and that affects
the convergence of the training. Therefore, we did not consider the traces that exceed 10% of the time
samples without any signal. We consider 60% of the data for training and 40% for validation. The total
number of training samples is about 40,000. The data are scaled to be in the range of -1 and 1 for the
training. After training the CAE, we use it to encode the selected window of the monitor and the baseline
data. The encoded monitor is used as input for the FCNN and the encoded baseline as output. Similar
to CAE, 60% of the data is used for training and 40% is used for the validation.

Results

We choose a time-window of 200 time samples from 1.2 s to 1.6 s that contains the target. In Figure 4,
we show five shot gathers within the selected window for the true reservoir signal, the difference between
the baseline and the monitor before the correction and after the correction using DLXEQ, respectively.
The reservoir signal clearly improved after applying our approach. Note that similar to the training,
we exclude the traces in the far offsets that do not have any signal in the first 10% time sample and
mute them in the following analysis. We then apply reverse time migration to get the reservoir images
using the window of shot differences. The true reservoir image (Figure 5(a)) is obtained from the data
difference between the baseline and the monitor, excluding the near-surface noise. Figure 5(b) and 5(a)
show the image before and after applying the correction, respectively. There is a slight deformation in
the reservoir signal in addition to the noise before the correction. After the correction, we can see that
most of the noise is removed and the reservoir signal is corrected.

To quantify the improvement, we measure the repeatability by the normalized root mean square (Kragh
and Christie, 2002). After applying the DLXEQ, we found that the NRMS is reduced from 35% to 14%,
which suggests that the repeatability has improved.

(a) (b) (c)
Figure 4 Shot gathers within 1.2-1.6 s window for (a) the true reservoir signal, (b) baseline - monitor
and (c) baseline - monitor after the correction.

Conclusion

We proposed a new method to apply XEQ between time-lapse data using two DL models: CAE to
reduce the dimensionality of the data and FCNN to remove the 4D noise from encoded monitor data.
The networks are trained separately. Separating the two models in the training allows for more control
and constrain of the FCNN to match the data. We implemented the proposed method on synthetic
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(a) (b) (c)
Figure 5 Images for (a) true reservoir, (b) baseline - monitor and (c) basline - monitor after the correc-
tion.

data and showed that the method enhances the repeatability and improves the target signal. The real
data is more noisy than the synthetic used in this research. However, a well-known application of the
CAE is noise suppression. This gives the potential of using this approach even with noisy data by only
processing at least one or two surveys and train on them.
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