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Abstract: Four-dimensional seismic analysis is an effective reservoir surveillance tool to track the
changes of fluid and pressure phases in the oil and gas reservoirs over time of the baseline and
monitoring seismic acquisition. In practice, the 4D seismic signal associated with such changes may
be negligible, especially in heterogeneous carbonate reservoirs. Therefore, 4D seismic analysis is a
model for integrating various disciplines in the oil and gas industry, such as seismic, petrophysics,
reservoir engineering, and production engineering. In this study, we started the 4D seismic workflow
with a 1D well-based 4D feasibility study to detect the likelihood of 4D signals before performing
4D seismic co-processing of the baseline and monitoring surveys starting from the seismic field data
of both datasets. As part of a full 4D seismic co-processing of the baseline and monitor surveys,
4D seismic metric attributes were analyzed over the survey area to measure the improvement in
seismic acquisition repeatability for the scarce 1994 baseline seismic and the 2014 monitor seismic
survey. For the monitor survey, a 4D time-trace shift was performed using the baseline survey as a
reference to measure the time shifts between the baseline and monitor surveys at 20-year intervals.
The 4DFour-dimensional dynamic trace warping was followed by a 4D seismic inversion to compare
the 4D difference in the seismic inverted data with the difference in seismic amplitude. The seismic
inversion helped overcome noise, multiple contaminations, and differences in dynamic amplitude
range between the baseline and monitor seismic surveys. We then examined the relationship between
well logs and seismic volumes by predicting a volume of log properties at the well locations of the
seismic volume. In this method, we computed a possibly nonlinear operator that can predict well
logs based on the properties of adjacent seismic data. We then tested a Deep Feed Forward Neural
Network (DFNN) on six wells to adequately train and validate the machine learning approach using
the baseline and monitoring seismic inverted data. The objective of trying such a deep machine
learning approach was to predict the density and porosity of both the baseline and the monitoring
seismic data to validate the accuracy of the 4D seismic inversion and evaluate the changes in reservoir
properties over a time-lapse of 20 years of production from 1994 to 2014. Finally, we matched the
4D seismic signal with changes in reservoir production properties, investigating the mechanism
underlying the observed 4D signal. It was found that the detectability of 4D signals is primarily
related to changes in fluid saturation and pressure changes in the reservoir, which increased from
1994 to 2014. This innovative closed-loop research proved that the low repeatability of seismic
acquisition can be compensated by optimal 4D seismic co-processing with a complete integration
workflow to assess the reliability of the 4D seismic observed signal.

Keywords: 4D; carbonate reservoir; heterogeneous; co-processing; machine learning

1. Introduction

Although seismic monitoring has been conducted on numerous projects, most success
has been on clastic offshore reservoirs where seismic time-lapse conditions are most favor-
able. In the area of study, in December 2013, a 4D seismic monitor survey was conducted
in the study area with an OBC 3D seismic survey over this selected field and completed
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in November 2014, while the baseline survey was acquired as a 3D OBC in 1994. OBC
acquisition was found to have a very high level of random noise in both phases. OBC
acquisition with only one sensor is very sensitive to noise (seafloor currents, Schulte waves,
ship noise, etc.). We recommend OBN (Ocean Bottom Node) and "nodes on a rope", espe-
cially because of the shallow water in this offshore field in Abu Dhabi, UAE. With OBN;
because the shape of such a sensor (a disc) should be less sensitive to seabed currents and
industrial noise (and the Schulte wave should be the same). Also, it is very useful to record
the seawater velocity profile and sea water depth during seismic acquisition to have a good
possibility for anti-multiple seismic processing. For this reason, ADNOC has conducted
the world’s largest continuous 3D onshore and offshore seismic surveys in Abu Dhabi with
very high specifications for seismic acquisition parameters. For offshore seismic, a 3D OBN
seismic acquisition type was acquired, to provide 2400 seismic coverage with 6 km inline
and crossline offsets. The acquisition began in late 2018 and is expected to be completed
by the end of 2022, with final images delivered two years later. This is an extremely tight
schedule considering that nearly 90,000 km2 need to be covered [1].

Despite extensive acquisition efforts, time-lapse processing is an essential component
to obtain highly repeatable data [2]. Although hydrocarbon production from carbonates is a
significant part of the world’s energy supply, 4D seismic data have been more successful in
monitoring hydrocarbon production from clastic reservoirs [3,4]. Four-dimensional seismic
data are widely used in the oil and gas industry to image fluid movement and contacts,
monitor flow paths and barriers, locate bypassed oil, place new wells, identify sealing
faults, and map pressure compartmentalization and thermal effects [5].

An accurate description of the reservoir is useful to properly manage and optimize
oil recovery. When moving from the core to seismic scale, all relevant information must
be combined to reduce uncertainties, optimize final flow behavior, and determine fluid
distribution in the reservoir [6]. The oil of the reservoir at the area of study has an average
gravity of 37 API, while the gas gravity is 0.816. On the other hand, the GOR (gas-oil ratio)
is 2300 Scf/bbl at a pressure of 4400 PSI and a temperature of 80 degrees Celsius. Initial
production provided enough data on the reservoir so that reservoir behavior could be
well studied and simulated. Water injection supported reservoir pressures, and injectivity
tests were conducted to ensure the feasibility of injecting water into the formation [7].
Four-dimensional seismic data can provide valuable information on production scenarios
related to saturations and pressure variations, therefore, 4D seismic-derived attributes
(such as amplitude and impedance changes) are highly recommended to provide accurate
seismic interpretation in conjunction with a 4D seismic study [8]. Moreover, combinations
of pressure and fluid saturation variations dominate the seismic response and influence its
direct interpretations [9].

Carbonate reservoirs are generally heterogeneous and have high rock-frame stiffness,
which could complicate the use of 4D seismic data to monitor fluid changes in carbonate
rocks. The main objective of this study was to evaluate the detectability of a 4D signal
between two non-repeatable seismic surveys and to determine how best to process the
seismic data and link it to non-seismic relevant information to measure the credibility of
the 4D seismic signal [10,11]). To compensate for the poor repeatability of the acquisition
geometry between the baseline and monitor surveys (different coordinates of the source
and receiver, different azimuths, and the number of obstructions), 4D seismic co-processing
with field tapes for both the baseline and monitor surveys was used in this study. Deliberate
full seismic 4D co-processing starting from the seismic field records is more accurate and
robust, and thus far more repeatable, than partial seismic 4D co-processing with Kirchhoff
Pre-stack depth migration (KPSDM) or Least Square Pre-stack depth migration (LSM) [12].

Differences in the subsurface cause changes in amplitudes and velocities, resulting
in the misalignment of the seismic reflectors. Measuring the misalignment and aligning
these surfaces to obtain a reliable differential cube is one of the most important disciplines
in 4D seismic processing [13]. One of the most important calibration steps in the time-lapse
seismic workflow is the calculation of the optimal dynamic time and space shifts required to
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calibrate multiple monitor surveys with a baseline survey. Dynamic Time Warping is useful
for lining up seismic images from different time-lapse periods, especially for determining
the time-variant time shifts. The accuracy of Dynamic Time Warping (DTW) in estimating
similarity is being investigated for template matching and clustering of seismic traces [14].

The conversion of seismic reflection data into physical properties of the subsurface,
such as elastic parameters, is called seismic inversion [15]. These properties can be corre-
lated with porosity, lithology, fluid saturation, and geomechanical properties [16]. Choosing
the most accurate and robust analysis domain is particularly important in 4D time-lapse
studies [17], so seismic inversion in 4D can be more effective than regular seismic wiggle-
trace work in this regard. Time-lapse (4D) seismic inversion aims can be used to predict
changes in elastic rock properties, such as acoustic impedance, from measured seismic
amplitude variations due to hydrocarbon production. The goal of seismic inversion is to de-
termine a reservoir model that minimizes the errors between predicted seismic amplitudes
and observed seismic amplitudes [18].

A low-frequency anomaly is usually associated with fluid in the reservoir, while a
high-frequency anomaly is associated with gas or clay content of the reservoir [19]. The
main challenges in 4D seismic analysis are improved 4D vertical resolution (ideally 1–10 m),
improved repeatability that enables an application to carbonate reservoirs, and innovative
ways to combine 4D seismic data with other reservoir measurements and simulation
methods [20]. In this study, we used a hybrid theory and data model to evaluate the results
of 4D seismic inversion and predict changes in reservoir rock properties over 20 years, such
as density and porosity, from baseline and monitor surveys.

We used a software package from Hampson-Russell (Emerge) that analyzes well logs
and seismic data by establishing a relationship between logs and seismic data at well
locations. Deep learning was tested against a single attribute list of individual features from
a nonlinear regression curve method. The network is used in geophysics to quantitatively
predict rock properties from seismic data [21]. In supervised learning, we gave the neural
network a set of inputs and outputs for a given problem and let it determine the relationship
between those inputs and outputs. The drawback of supervised learning is that enough
inputs and outputs are needed to adequately train the network [22].

Matching the observed 4D signal with reservoir performance over the entire produc-
tion span of the baseline survey in 1994, and the monitor seismic survey in 2014, is evidence
that 4D seismic co-processing can fill up the gap left by poor repeatability of seismic ac-
quisition. The mechanism of 4D signal generation was explained by the increase in fluid
saturation for oil and water with pressure rise over the 20 years of the 4D time-lapse.

2. Materials and Methods

We began this innovative, integrative study by first conducting a 4D feasibility study
to complement the core research and identify best practices for future 4D seismic work
in the seismic industry. The feasibility study included petro-elastic modeling and 1D
well-based time-lapse 4D modeling. The objective of conducting this part of the research
was to evaluate the detection of changes in seismic response probability caused by field
production at the reservoir level and ultimately to support the actual 4D interpretation of
seismic results. Petro-elastic model (PEM) and 1D time-lapse modeling of the research area
support the 4D signal from well production and injection data. A fluid substitution tool
performed substitution of fluids from an initial reservoir state to a new state and examined
the effects of this fluid substitution on the elastic properties of the reservoir [23].

1D Well-Based Time-Lapse Feasibility Study

The petro-elastic model was built (Figure 1a) with the following main steps:

• Mix mineral properties.
• Add pores using effective media theories.
• Calculate fluid properties.
• Perform fluid substitution.
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Fluids are introduced into pore space using the equations of Gassmann [24], using the
results of the last three steps. Gassmann’s relations are often used to predict the modulus
of saturated rock from the modulus of dry rock, and vice versa. The most common in situ
problem is to predict the changes that occur when one fluid is replaced by another that
has both mineral and dry bulk moduli and fluid properties. Here, we used the normal
Gassmann equation to introduce the effective fluid into the empty pores included in the
matrix. The Gassmann substitution of fluid was used to calculate the effective saturated
properties (Figure 1b).

The research activities were divided into three phases. The first phase involved a
well-based (1D) time-lapse model using a production well with gassy carbonate at the
crest of the structure and an injection well at the flank of the structure. The 4D modeling
covered a range of possible production scenarios expected in the field, including changes
in water saturation due to water injection and changes in gas saturation due to pressure
changes. Feasibility of the 4D approached was investigated by running an appropriate
petro-elastic model and a 1D time-lapse with production and injection data to investigate
the detectability of 4D signals and determine how these could relate the modeling to actual
4D seismic.
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Figure 1. (a) Physics model for carbonate rocks after [25], and (b) fluid substitution saturated
Properties after [24].

Petrophysical analysis confirmed that two minerals should be used for the reservoir
to model the matrix. The elastic properties used for these minerals were standard values,
but they were also derived from data analysis during petrophysical interpretation, as was
their volume fraction. In the area of the reservoir under study, we determined the average
porosity by experimenting with statistics from several wells within the main reservoir
zone. The overall average porosity was about 15PU, with the K-frame being relatively
loose because the reservoir zone is a mixture of dolomite and calcite. These elastic values
are listed in Table 1. In addition, this study used the Voigt-Reuss-Hill model [26], to mix
these minerals:

Table 1. Reservoir elastic properties.

Mineral Density (g/cc) Bulk Modulus (GPa) Shear Modulus (GPa)

Calcite 2.71 69.3 32
Dolomite 2.87 74.5 35.1

The reservoir fluids and the dry rock elastic properties, computed from the PEM, were
combined in the Gassmann’s (1951), equation to calculate the saturated elastic moduli at
different reservoir conditions:

− In-situ (pre-production).
− Water displacing gas to different saturations: 10, 50 and 85%.
− CO2 displacing gas to different saturations: 10, 50 and 85%.

The expected 4D field impacts were evaluated by a well-based (1D) fluid substitution
feasibility study. This 1D model tested three possible production scenarios that could be
expected in the field. Changes in water saturation due to water injection and three scenarios
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of gas saturation in this gas-bearing reservoir due to pressure changes were modeled. The
predicted 4D response was evaluated using synthetic seismic angles between zero and
45 degrees obtained from P-wave, S-wave, and density logs from a production well and
an injection well. A 30 Hz Ricker wavelet was fitted to generate the synthetic gathers
corresponding to the dominant frequency of the reservoir-level seismic data.

In the gas-producing well, density was reduced at 10% water flooding compared
to 50% and 85% water flooding, while the change in VP/VS was very small compared
to the change in density. Moreover, the synthetic gather angles were generated with
different percentages of water flooding (Figure 2a), showing a 4D difference between
the baseline (in-situ) and the different production scenarios that were much stronger at
50 to 85% saturation (Figure 2b). CO2 sweeping was not optimal in the gas-producing well
because it is a gas-bearing reservoir. Therefore, we decided to omit this scenario.
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Figure 2. (a) Gas production well with different water saturation scenarios—angle of synthetic
gathers with corresponding log tracks (b) Gas production well: angle stack of differences between
in-situ and different SW (c) Water injection well with different water saturation scenarios—angle of
synthetic gathers with corresponding log tracks, 4D difference of three water saturation scenarios
and (d) water injection well: angle stack of differences between in-situ and different SW.

However, in the water injection well, successfully modeled synthetic angular logging
of water flooding was measured with the corresponding log traces (Figure 2c). The 4D
effects are evident from the difference between the angle of in-situ and the different water
saturation scenarios of the water injection well (Figure 2d). The 4D difference was stronger
at 85% flowing water than at 50%, while there was little difference at 10%. There was
a sharp increase in density and the ratio VP/VS, which reflects an increase in acoustic
impedance of more than 10% at the reservoir level.

The 4D effects were visible in the differences between the in-situ angle gather and
the angle gather of the different scenarios of CO2 gas displacement of the water in the
injection well. The 4D difference for gas injection was generally stronger than for the water
saturation scenarios. While 85% water saturation data was close to that of 50%, it was
slightly stronger than 10% for CO2 gas displacement (Figure 3b).

Comparison of P impedance (IP) and shear impedance (IS) for different production
scenarios for gas-producing wells or for wells with water injection showed that a water
sweep with different scenarios for both wells can change P impedance by about 4% and
shear impedance by 3%, while a CO2 sweep can change P impedance by about 8% and
shear impedance by 2% (Figure 4a,b). On the other hand, in the water sweep region, the
P impedance was expected to change by about 4% and the VP/VS ratio by 3%, and the
CO2 sweep led to a change in the P impedance by about 8% and the VP/VS ratio by 8%
(Figure 4c,d). Thus, the expected changes were greater than 4%, which is the value usually
considered detectable by experience and the literature [27]. The petro-elastic model and
1D time-lapse pave the way to link the production data with the current seismic data and
measure the similarity between them. The petro-elastic model and the 1D time-lapse model
led to the following conclusions:
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For water injection wells:

• Matching with the in-situ situation showed the validity of the rock physics model used,
i.e., the Gassmann fluid substitution performed, and the accuracy of the measured logs.

• The water-sweep scenarios showed minimal changes in the logs, indicating that water
flooding in an oil reservoir is relatively difficult to quantify on a time-lapse seismic image.

• For the same oil reservoir, on the other hand, CO2 flooding showed stronger changes,
especially in P-wave velocity and thus impedance, making CO2 sweep scenarios more
observable on time-lapse seismic.

• It is quite clear that CO2 showed pronounced signatures in the form of acoustic
impedance changes.

For the producing well:

• The matching with the in-situ situation showed some discrepancy between the mea-
sured log and the log produced by the rock physics, especially in the very porous
sections of the reservoir.

• The water sweep scenarios showed some degree of change in the logs, suggesting that
a water flood may be observable in the gas reservoir on a time-lapse seismic image.
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Figure 3. (a) Water injection well with different CO2 saturation scenarios: angle synthetic gathers
with corresponding log tracks (b) Water injection well: angle stack of differences between in-situ and
different CO2 saturations.
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Figure 4. (a) Cross-plot of P impedance versus IS (shear impedance) for three water saturation
scenarios of the gas production well; (b) cross-plot of P impedance versus IS (shear impedance) for six
water saturation scenarios of CO2 saturation of the water injection well; (c) cross-plot of P impedance
versus VP/VS ratio for three water saturation scenarios of the gas production well, and (d) cross-plot
of P impedance versus VP/VS for six water saturation and CO2 saturation scenarios of the water
injection well.
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3. Results & Discussion
3.1. 4D Seismic Co-Processing

For such non-repeatable 4D seismic acquisition surveys of the study area, 4D seismic
co-processing was started with the field-recorded seismic data from both the baseline and
monitor surveys. Pre-processing, including noise reduction, static computation, and de-
multiple with predictive 3D deconvolution, allowed successful adjustment of overburden
phase and amplitude, and the reservoir level remained intact. Four-dimensional binning
was performed using the adjacent offset classes from the 1994 baseline survey to select
retained traces with a Distance Source, Distance Receiver (DSDR) value of less than 200 m
for offset classes 1 through 16, and less than 300 m for offset classes 17 through 62, followed
by 5D Fourier bin regularization including noise attenuation. To close the repeatability gap,
it was decided to test the pre-stack least squares depth migration algorithm (LSM) against
the Kirchhoff pre-stack depth migration algorithm (KPSDM).

The pre-stack seismic depth imaging workflow began with Kirchhoff (KPSDM) for
the baseline and monitor surveys. Then, the original Kirchhoff OVTs were de-migrated for
depth imaging and least square migration (LSM). Kirchhoff KPSDM was applied to both
baseline and monitor surveys. To this end, both datasets were recursively migrated after
preprocessing and de-migrated at each iteration using Hessian filter calculations in the
Curvelet domain to create a reflectivity model for each vintage. The baseline and monitor
surveys were then finally de-migrated to baseline coordinates. Before the final reflectivity
models were created, three iterations of migration and de-migration were performed. The
seismic processing step of least-square migration used input data without 3D regularization
for both the baseline and monitor surveys. Therefore, the LSM results were clean data
compared to the Kirchhoff PSDM, which used inputs after 3D regularization. The LSM
seismic difference had a much lower difference level compared to the Kirchhoff PSDM
seismic difference, indicating that the Kirchhoff LSM pre-stack depth migration algorithm
appeared to mitigate some of the non-repeatable seismic noise. The seismic difference
between the baseline and the monitor was clearly visible on the crest of the structure
compared to the adjacent seismic traces (Figure 5c).
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Figure 5. Horizon slice on a window between the upper and lower parts of the reservoir of the
final migrated seismic stack volume: (a) baseline seismic volume; (b) monitor seismic volume, and
(c) the seismic difference between baseline and monitor surveys. Block polygon that includes the
high amplitude difference at the crest of the reservoir.

Diagnostic 4D QC attributes were extracted at each stage of 4D seismic co-processing,
e.g., NRMS were examined to ensure that vintages become increasingly comparable. Deter-
ministic pre-stack corrections were strongly recommended rather than relying solely on
post-stack matching. This rigorous approach ensured that 4D noise was more accurately
captured and the 4D reservoir signature was preserved [28]. The 4D signal can be measured
by the Normalized Root Mean Square (NRMS) attribute, which is defined as the difference
between two normalized data sets RMS. NRMS is routinely used as a quality control mea-
sure for time-lapse data [29]. The sensitivity of the NRMS value to the repeatability of the
recording geometry has been described in several publications [30,31].
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We conclude that the final NRMS value was regularly discarded to quantify the quality
of the 4D signal. Predictability was used to measure the repeatability or coherence between
two data sets. Repeatability is regularly evaluated using the normalized RMS difference and
predictability, which is usually the normalized cross-power or coherence of the difference
between the baseline and monitor surveys. For a seismic acquisition with poor repeatability,
the predictability is between 0 and 65%, while perfect predictability should be above 85%.
The difference between predictability and NRMS showed that the cross-correlation methods
were not very sensitive to subtle 4D effects (Rocco Detomo, 2013). We extracted the above
NRMS attributes of KPSDM versus seismic LSM volumes for 4D seismic. The NRMS means
of the seismic volume of KPSDM was almost 15% (Figure 6a) and the NRMS mean for the
final migrated LSM stack reached less than 12% (Figure 6b). This shows that the full 4D
seismic co-processing with LSM is more repeatable than KPSDM.
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Figure 6. Horizon slice of reservoir level: (a) NRMS of KPSDM seismic volume, and (b) NRMS of
LSM seismic volume.

3.2. Seismic Inversion and Supervising Machine Learning Neural Network

After completion of 4D seismic co-processing, 4D seismic interpretation was performed
to investigate the 4D time shift between the baseline and the monitor’s final migrated stack
volume. The time shift is as important as the seismic 4D amplitude differences. A dynamic
time shift was calculated for the final migrated seismic volume of the monitor with a
time window of 1000 to 2000 ms and a threshold of ±8 ms, using the baseline survey as
a reference. Due to the 4D warping time shift, the baseline and monitor seismic volumes
converged in time and amplitude compared to the volume without 4D warping. We calcu-
lated the velocity variation (DV) by scripting the 4D warping time-shift volume between
the baseline seismic volumes and the final migrated seismic volumes. We calculated the
low-frequency model of the warped seismic monitor volume using the DV changes in
the volume as input with the low-frequency P-impedance model of the baseline survey.
The baseline seismic volume and the warped monitor seismic volume were combined
into a super group, as was the low-frequency model of the baseline and monitor surveys.
A deterministic model-based 4D seismic inversion was created using well and seismic
information for both the baseline and monitor surveys. The P-impedance, which is the
result of the seismic inversion, was matched with the impedance calculated from the well
logs to predict the 4D differences in rock properties such as density and porosity.

We then used the Hampson-Russell (Emerge) software program, a procedure designed
to merge well logs and seismic data. The general objective was to predict a property of the
well log based on attributes of the seismic data. This property can be any measured log type,
such as velocity or porosity, or even a derived lithologic attribute, such as shale volume.
The seismic attributes can be calculated internally or provided as external attributes. The
analysis was performed in several steps:
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(1) Examine the log and seismic data at well locations to determine which set of attributes
is appropriate.

(2) Derive a relationship using multi-linear regression or Neural Networks.
(3) Apply the derived relationship to a 3D SEG-Y volume to create a volume of the

desired log property.

We tested six wells and thirteen wells with the baseline and monitor 4D seismic
inversion volumes to train the data and investigate whether we could achieve a better
match between the predicted density and the original density of the well logs using two
approaches. The first approach was a single attribute regression curve to calculate the
correlation coefficients for all attributes and rank their values by testing the nonlinear
transformation applied to the target logs of wells penetrating the reservoir. The calculated
average error is the root-mean-square difference between the target log values and the
predicted values calculated over the analysis window for all selected wells. Note that
applying a regression curve to the 1/(inversion) produces a result that reflects the general
trend of the target logs but does not adequately predict the subtle features. This is because
the inversion was blocked with a relatively coarse block size. The second task was to test
the deep feed forward neural network (DFNN). In this deep machine learning approach,
we used three hidden layers with a total of 50 training and validation iterations using six
wells. For six wells, the agreement between the predicted density and the original density
was better than for the thirteen wells, and the DFNN approach had the best match between
predicted density (black curve) and the original density (red curve) (Figure 7c). It was clear
that machine learning approach provided the best fitting between the predicted density
and the actual density compared to the single attribute regression curve method using six
wells for training and validation (Figure 7f).
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Figure 7. Predicted density from well logs and seismic inverted volumes overlying well logs with
original density. (a) 13 well log traces, (b) 6 well log traces, (c) DFNN six well log traces, (d) 13 wells,
that match between predicted and actual density, (e) 6 wells that match between predicted and actual
density, and (f) 6 well logs that match between predicted and actual density using machine learning
with DFNN. The blue rectangle encloses the interval of reservoir logging. The target logs are colored
black, while the predicted logs are red. The blue arrow indicates the similarity of the actual and
predicted densities of six well logs with and without machine learning with DFNN, and the black
oval highlights the fit.

We applied the DFNN operator to the seismic inversion dataset for both the baseline
and monitor surveys and compared it to other paths, either 13 wells or 6 wells. DFNN
provided a higher resolution result than the nonlinear transformation regression curve
approach using the 6-well and 13-well tests and appeared to match the well better, especially
in the reservoir interval of the target logs (Figure 8).

We used the six-well trained nonlinear regression approach to predict porosity using
seismic volume with predicted density and compared it to DV velocity variations between
baseline and monitor surveys and 4D seismic inversion of P impedance. It clearly showed
that we had a negative DV with a lower P-impedance at the reservoir level, reflecting a
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lower density and a higher porosity of almost 14%, which is quite close to the average total
porosity of 15 PU from the Petro-elastic model mentioned earlier (Figure 9). To understand
the seismic response of a reservoir whose acoustic impedance (density × velocity) is lower
than that of the trapped gas, it is necessary to understand that velocity and density increase
as the water replaces the oil, resulting in acoustic hardening. However, in this study, it
was found that gas replaces oil when velocity and density decrease. This leads to acoustic
softening, which leads to an increase in seismic amplitude and a downward time shift [32].
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Figure 8. A subline over the predicted seismic density volume with the actual density log of the
intersected well (a) 13 wells used to train and validate the data; (b) 6 wells used to train and validate
the data, and (c) 6 wells with the machine learning approach. The black rectangle encloses the
reservoir interval, and the black arrow indicates the resolution differences between the different paths.
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Figure 9. Reservoir horizon slice. (a) DV velocity variation between baseline and monitor survey:
(b) P impedance of seismic monitor survey: (c) monitor-predicted density, and (d) monitor-predicted
porosity. The decrease in DV, impedance, and density and the increase in porosity are indicated by
the black arrow.

3.3. Matching of 4D Seismic Signal with Reservoir Performance

Viewing reservoir performance in 4D time-lapse between the 1994 baseline survey
and the 2014 monitor survey, we created maps of reservoir saturation properties from the
dynamic reservoir simulation model to match the variation in these properties with the
change in seismic response over 20 years. The simulator had embedded computational
equations with several theories that could upscale the static model. It was found that water
injection was about 4% in 1994 and less than 2% in 2014 (Figure 10a). Gas injection, on the
other hand, was near zero Million Standard Cubic Feet (Mscf)/day in 1994, then increased
to 800 K Mscf/day and decreased to 400 K Mscf/day in 2014 (Figure 10b).
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Figure 10. Reservoir performance over time. (a) Water injection, (b) gas injection. The white arrow
shows the 4D time-lapse between the base year 1994 and the monitoring year 2014, showing a
decrease in water injection with a simultaneous increase in gas injection.

Oil and gas saturation increased simultaneously throughout the production period; gas
saturation reached about 120,000 Mscf/day in 1994 and increased to about 450,000 Mscf/day,
while oil saturation increased from about 200,000 Mscf/day in 1994 to 240,000 Mscf/day,
However, in 1994, water saturation was near zero Mscf/day and then gradually increased
to less than 40,000 Mscf/day (Figure 11a). In addition, the water cut was zero in 1994 and
increased to 12% by 2009, then decreased to 4% by 2014 (Figure 11b).
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Figure 11. Reservoir performance over time. (a) Oil, gas, and water saturation in Mscf/day and
(b) water cut %.

The average map of reservoir pressure changes over time shows that the pressure
was about 3600 PSI in 1994 and increased to about 3900 PSI in 2014. The average pressure
difference over 20 years shows a change of less than 300 PSI to maintain reservoir pressure
and production (Figure 12).
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Moreover, the maps of average oil and water saturation show that average oil satu-
ration had almost decreased due to production, while water saturation had increased by
about 30%, which can be clearly seen on the map of average difference (Figure 13c–f).
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Figure 13. Reservoir performance over time of average saturation. (a) Oil saturation baseline 1994,
(b) oil saturation monitor 2014, (c) oil saturation difference, (d) water saturation baseline 1994,
(e) water saturation monitor 2014, and (f) water saturation difference. The black polygon shows the
significant decrease and increase in oil and water saturation, respectively.

Based on what has been shown so far in this study, we can easily relate the pressure
changes to the difference in seismic amplitude of the final migrated stack of the baseline
and monitor survey when trying to understand the structure of the predicted 4D signal.
In the polygon of the noticeable changes, we saw in pressure saturation could be overlaid
the seismic amplitude difference between the 1994 baseline and the 2020 seismic monitor
survey (Figure 14). As gas takes the place of oil, velocity, and density decrease, resulting in
acoustic attenuation that is reflected in an increase in seismic amplitude and a downward
shift in time.
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Figure 14. (a) Changes in pressure saturation over the 20-year period, and (b) horizon slice difference
between baseline and the monitor survey. The black polygon indicates the average pressure difference
and the higher amplitude of the seismic difference.

4. Conclusions

This research has shown an unprecedented way to conduct a 4D analysis in a closed
loop starting from a feasibility study and passing through optimum 4D seismic co-processing
to 4D seismic inversion. A deep learning approach was used to show that extraction of
density and porosity prediction volumes can check the success of the 4D seismic inversion
outcome. Furthermore, matching the observed 4D seismic signal with e changes in fluid
saturation and pressure changes of the reservoir performance checked the validity of 4D
signal detectability.

The feasibility study showed that the CO2 injection scenarios allowed detection of
changes in impedance and VP/VS ratio expected in 4D by more than 8%, which was
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demonstrable from the perspective of detectability of 4D responses. This study proved
that full 4D seismic co-processing for baseline and monitor surveys from field tapes is the
best approach for 4D seismic analysis. In addition, resilient pre-processing in the form
of noise and multiple reductions and least square prestack depth migration is a method
for mitigating the poor repeatability of seismic acquisition between baseline and monitor
surveys. Given the level of detail and full integration we obtained in this seismic 4D study,
we can say with confidence that repeatability of seismic acquisition will no longer be an
obstacle to successful seismic 4D work in general, and in carbonate in particular.
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