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SUMMARY

Time-lapse seismic uses repetitive seismic surveys to monitor
the fluid in the subsurface. Ideally, the time-lapse data should
be identical except for at the target region (i.e., the reservoir),
where the fluid changes occur. Unfortunately, it is almost im-
possible to have identical data for various reasons, such as the
static changes in the near-surface or the varying positioning
of sources and receivers between surveys. To increase the ac-
curacy of the 4D signal and reduce the noise, we propose to
process the time-lapse data using a machine-learning method-
ology. Specifically, we train a recurrent neural network (RNN)
model to map the data from monitor to baseline. The learned
RNN model would reveal 4D overburden changes. Therefore,
the difference between the predicted baseline and the actual
baseline data stets will represent the target signal. We vali-
date the method on synthetic data and show the improvements
of the 4D signal by imaging the reservoir and computing the
normalized root mean square.

INTRODUCTION

Time-lapse (TL) seismic, also known as 4D seismic technol-
ogy, is an essential tool to enhance hydrocarbon recovery by
monitoring fluid substitutions in a reservoir. It also plays a
major role in monitoring CO2 injection in carbon sequestra-
tion projects. In TL, multiple seismic surveys are performed
with the same acquisition parameters. The quality of the TL
data depends on the repeatable signal (4D signal) relative to the
non-repeatable noise (4D noise) (Nguyen et al., 2015). With
ideal repeatability, the TL data from different vintages should
be identical except at the target area. Unfortunately, TL data
always have non-repeatable signals due to many factors such
as ambient noise, velocity variation in the near-surface, source-
receiver positioning, and other survey factors (Bakulin et al.,
2012; Shulakova et al., 2014; Nguyen et al., 2015).

Many researchers have addressed these issues and proposed
various techniques to improve the repeatability and reduce the
4D noise. Generally, enhancing the repeatability requires im-
proving the acquisition (e.g., system node technology, perma-
nent acquisition (Bakulin et al., 2018), and Q technology of
Schlumberger (Vedanti et al., 2009)), simultaneous 4D prestack
processing (e.g., Nguyen et al., 2015) and inversion (e.g., Kazei
and Alkhalifah, 2017). Traditionally, 4D processing is imple-
mented by matching the monitor to the baseline data through
cross-equalization techniques such as matched-filtering (Rick-
ett and Lumley, 2001; Robinson and Treitel, 2000). To avoid
over-matching that can zero-out the real differences embedded
in the target signals, the matched-filtering operator is com-

puted in a short time window so that it does not contain any
reservoir signal (Rickett and Lumley, 2001). This method can
not accommodate the variations of the needed correction with
time.

Recently, deep learning (DL) models have been utilized in
many geophysical applications such as seismic data pre-processing
(e.g., Ovcharenko et al., 2017, 2019; Kazei et al., 2019a; Sun
and Demanet, 2019), and inversion (e.g., Araya-Polo et al.,
2018; Sun and Alkhalifah, 2019; Plotnitskii et al., 2019; Kazei
et al., 2019b, 2020; Sun and Alkhalifah, 2020a,b). In the con-
text of time-lapse, Yuan et al. (2020) used a convolution neural
network (CNN) to image the velocity changes in different vin-
tages. Alali et al. (2020) used fully connected layers in the
latent space of an autoencoder to match the baseline and the
monitor data. Choosing the neural network architecture is im-
portant as each architecture has different advantages and dis-
advantages. Convolution neural networks are robust in clas-
sification, segmentation, and image processing tasks. How-
ever, they are less reliable in learning the time dependency for
time series problems. In contrast, recurrent neural networks
(RNNs) are used widely for time series modeling and predic-
tions due to their history (memory) features and has wide ap-
plications in natural language processing and video process-
ing. Seismic data are time series; therefore, we propose to
use RNN to map traces from the monitor to the baseline. An
analogy to this is language translations where, for example, a
sentence in English is mapped to a sentence in French. Similar
to cross-equalization, we only train on short shallow windows
that do not contain the target signal to avoid over-matching.
We demonstrate the approach on realistic synthetic data devel-
oped to represent a time-lapse scenario.

RNN/LSTM

A recurrent neural network (RNN) is an artificial neural net-
work that uses its internal states (memory) to process tempo-
ral sequences. The traditional RNN suffers from the vanishing
gradient problem. A type of RNN called long short-term mem-
ory (LSTM), used in this research, solves this problem by in-
troducing a gating mechanism. An LSTM block contains three
gates: A Forget gate that keeps the important information and
removes the rest, an Input gate that is responsible for updating
the internal cell state, and an Output gate to control the output
from the cell state. The gates are composed of fully connected
neural networks combined with activation functions.

The network uses the history of inputs to predict the next out-
put. The temporal sequence (x) is fed to the network sequen-
tially from t=0 to t=N, where N is the length of the sequence.
We illustrate the LSTM block flow in Figure 1. Starting from



a temporal input (xi+1), the network updates the cell stat (ci)
and hidden state (hi), which are saved from the previous inputs.
LSTM then uses the updated internal state (ci+1,hi+1) for the
next temporal input (xi+2). Finally, the output will be the last
hidden state (h). The output of LSTM can be a single sam-
ple (e.g., predicting the opening stock price based on the past
number of days) or a sequence (e.g., language translation).

Figure 1: The LSTM structure. Red arrows indicate the inputs
from the training sequence (x) and the internal states (c,h) from
the previous block. Blue arrows are the outputs of the LSTM
block, which are the updated internal state (c,h) that are passed
to the next time sample and the final output that is used in the
loss (top arrow).

Similar to language translation, where sequences are used to
predict other sequences of a different language, we propose to
use LSTM to predict the behavior of the monitor data from the
base data. Our input is a trace from the baseline and the output
is a trace from the monitor. The training should exclude the
deeper part of the trace that contains the reservoir signal to
avoid over-matching; that is to zero out the differences caused
by the target signal. After the training, the network can be used
to infer the deeper parts that contain the target signal. Ideally,
the output of the network will be a copy of the monitor data
without the 4D signal. Subtracting the resulted data from the
network with the actual monitor should yield zero except at
the target because the network did not learn how to map the
reservoir signature.

TRAINING

Synthetic data are generated using the acoustic constant den-
sity wave equation. We use the Otway velocity model given
in Figure 2(a) as the baseline model. To mimic realistic near-
surface changes, we added random noise to the Otway with a
50 m/s mean and 100 m/s standard deviation in the first 20 m
depth with slight smoothing, in addition to the reservoir signal
as shown in Figure 2(b) and Figure 2(c). We ignited 121 shots
separated by 20 m with a 25 Hz Ricker wavelet. We record the
data for 2.5 s with a 2 ms sampling rate and a maximum off-
set of 1.2 km. The difference introduced between the baseline
and the monitor is very subtle, but it is enough to deform the
reservoir, as we will see later.

We tested different hyperparameters and chose the ones that

Figure 2: (a) The Otway velocity model (Glubokovskikh et al.,
2016) used to generate data for the baseline, (b) the reser-
voir signal and near-surface noise added to the baseline for the
monitor data, and (c) zoom into the random Gaussian 4D noise
with 50 m/s mean and 100 m/s standard deviation changes in
the first 20 m depth.

provide the least error in the validation set. We use two LSTM
layers with a hidden size of 50, followed by a linear layer to
project the LSTM output to the dimension of the target se-
quence. As mentioned earlier, to properly update the hidden
state, the LSTM is trained by feeding the trace sequentially
from earlier temporal input to later ones. The reservoir signal
appears at about 1.4 s as shown in Figure 5. We create the
sequential input by splitting each trace into a 50 time-sample
window from 1.1 s to 1.3 s as the reservoir signature has not
yet been recorded at this range. Moving the window along the
trace with ten time-samples overlaps will form the next tem-
poral input until we reach the end of the sequence.

We consider 80% of the traces for training and 20% for valida-
tion. A total of 11600 traces have been used for training. The
batch size for each iteration is 10 corresponding to individual
traces with the same time window. We optimize the network
using Adam with a learning rate of 0.01 and a mean square er-
ror (MSE) loss. We run 100 epochs and plot the convergence
curve in Figure 3. Both the training and the validation sets
converge almost to the same error.



Figure 3: The convergence curve of the loss (MSE).

RESULTS

After training the data on the shallow part of the traces, we
infer for the whole data, including the reservoir region. Fig-
ure 5 shows shot gathers from 1.2 to 1.6 s for the differences
between the monitor and the base without processing (top fig-
ure), differences between the monitor and the generated base
data by the network (middle figure) and the true difference ob-
tained by modeling the data without the static noise (bottom
figure) all plotted at the same scale. By examining the differ-
ences, we can see that the processed difference cleans most of
the events and noise that exist between the base and the unpro-
cessed monitor. The red circles point to some examples where
the 4D signal is slightly deformed and then corrected by the
network. There is still some noise that we failed to clean. The
velocity perturbation is causing more noise in the right as in-
dicated by the black arrows. The corrected difference still has
imprints of the noise but with a smaller magnitude. Similarly,
we circle with black some of the events that we did not com-
pletely correct but at least reduce their magnitude.

To further assess the enhancement in the 4D signal, we use the
data differences shown in Figure 5 to implement reverse time
migration (RTM) and image the reservoir signal. The back-
ground velocity used in migration is a smoothed version of the
Otway model. RTM images are provided in Figure 6 for (a)
the image before the processing, (b) after applying the pro-
posed approach, and (c) the true 4D signal. We can see that
both images Figure 6(a) and Figure 6(b) have noise and the
reservoir signal is slightly deformed. However, in Figure 6(b)
the noise is reduced especially on the right side where we have
strong noise. The reservoir signal after processing is stronger
than that of Figure 6(a), and closer to the true image.

As a metric of how the repeatability improves, we measure the
normalized root mean square (Kragh and Christie, 2002) that
normalizes the average of the difference RMS by the average
RMS energy and it reads,

NRMS =
200∗RMS(B−M)

RMS(B)+RMS(M)
, (1)

where B and M represent a window from the baseline and the
monitor, respectively. After applying the proposed method, we

found that the NRMS is reduced from 43% to 21%,

Figure 4: A smoothed vers ion of Otway model used as a back-
ground velocity for RTM.

CONCLUSION

We used RNN to correct for the 4D signal between the baseline
and the monitor in TL data. We used synthetic TL data gen-
erated from the Otway model to test the method. The network
successfully learned to reconstruct the base data without the
4D signal. The difference between the beseline and the output
of the network suppressed some of the 4D noise and enhanced
the target signal. We trained the network with a maximum
offset of 1.2 km. Larger offset will result in larger moveout,
which adds more complications to the training. In that case,
the network will need to learn the moveout along with the tem-
poral shift between the TL data.
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Figure 5: Shot gathers for the differences between monitor and the base (top),the generated base data (middle) and the true 4D
signal (bottom). All sub-figures are plotted at the same scale.

(a)

(b)

(c)

Figure 6: Images of the reservoir signal using the data differences between (a) the monitor and the baseline without processing, (b)
the monitor and the generated base data from the network and (c) the true reservoir signal.
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