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Abstract
The Prediction of the reservoir characteristics from seismic amplitude data is a main challenge. Especially in the Nile Delta Basin,
where the subsurface geology is complex and the reservoirs are highly heterogeneous. Modern seismic reservoir characterization
methodologies are spanning around attributes analysis, deterministic and stochastic inversion methods, Amplitude Variation with
Offset (AVO) interpretations, and stack rotations. These methodologies proved good outcomes in detecting the gas sand
reservoirs and quantifying the reservoir properties. However, when the pre-stack seismic data is not available, most of the
AVO-related inversion methods cannot be implemented. Moreover, there is no direct link between the seismic amplitude data
and most of the reservoir properties, such as hydrocarbon saturation, many assumptions are imbedded and the results are
questionable. Application of Artificial Neural Network (ANN) algorithms to predict the reservoir characteristics is a new
emerging trend. The main advantage of the ANN algorithm over the other seismic reservoir characterization methodologies is
the ability to build nonlinear relationships between the petrophysical logs and seismic data. Hence, it can be used to predict
various reservoir properties in a 3D space with a reasonable amount of accuracy. We implemented the ANN method on the
Sequoia gas field, Offshore Nile Delta, to predict the reservoir petrophysical properties from the seismic amplitude data. The
chosen algorithm was the Probabilistic Neural Network (PNN). One well was kept apart from the analysis and used later as blind
quality control to test the results.
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Introduction

The Sequoia field, the case study, is one of the major gas fields
in bothWDDM and Rosetta concessions (Fig. 1) Samuel et al.
(2003). The field is located on the north-western margin of the
outer slope of the Nile Delta, approximately 50 km from the
nearest shoreline Mohamed et al. (2017).

Different inversion methodologies have been proposed for
reservoir properties characterization to predict rock/fluid prop-
erties from seismic amplitude data. Generally, rock properties
(porosity for example) are better-resolved than pressures and

saturations. Russell (2014) presented a comprehensive review
of the modern AVO and inversion techniques. Each of these
methods has its advantages and disadvantages. However, one
of the common challenges is the prediction of the
petrophysical properties, especially the saturation, considering
their no direct relationships with seismic elastic attributes.

To overcome this challenge, we implemented one of the
Artificial Intelligence (AI) algorithms for seismic reservoir
characterization. AI is a modern branch of computer sciences.
It has a wide range of applications that cover almost every
aspect of our modern lifestyle. Many algorithms were pro-
posed to solve geophysical problems. Artificial Neural
Network (ANN) is one of the most promising algorithms.
Neural networks were first inspired by the architecture of neu-
rons in the human brain. ANN inversion gained popularity
over the last decades because of its ability to establish non-
linear relationships between the input and the target property.
At well locations, it “learns” the relationships that link the
target log and the seismic attributes. Then, it applies that to
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predict the target property in a 3D domain. Theoretically, the
ANN can predict any reservoir property.

In this study, we have implemented an integrated approach
that combines the Hampson et al. (2001)proposal for the ANN
training and validation, and Mohamed et al. (2014) proposal
for the data conditioning. The output of the study was 3D
volumes of and Shale Volume (Vsh), Effective Porosity (Φ),
and Water Saturation (Sw). Blind-well tests were performed to
the resulted volumes for quality control (QC) and assessment
purposes.

Geologic setting

Nile Delta basin is one of the emerging gas provinces world-
wide. Numerous gas discoveries of multi-trillion cubic feet
(TCF) during the last decades proves its remaining reserves.
The estimation of the Nile Delta basin oil and gas reserves, in
2010, was reported Kirschbaum et al. (2010) as follows: the

estimated mean value for the recoverable oil is 1.8 billion
barrels, the estimated mean value for the recoverable gas is
223 TCF, and finally, the natural gas liquids are about 6 billion
barrels. Five years later, the giant “Zohr” discovery proved the
high hydrocarbon-potentiality of this basin. The first well
found a 654 m of biogenic gas. The calculated volume reaches
30 TCF Cozzi et al. (2018).

The first phase of exploration across the Nile Delta Basin
targeted the onshore Messinian incised valleys Adel et al.
(2017a, b). The subsequent exploration phases targeted the
offshore extension of this play and other Pliocene submarine
slope reservoirs Tharwat et al. (2014). Many discoveries were
made and currently producing gas such as the gas fields of
Rosetta concession and West Delta Deep Marine (WDDM)
concession (Fig.2) Rio et al. (1991).

The Sequoia field was discovered by an exploration
well, in 2000, and subsequently appraised by three
wells (2000–2002). All wells were drilled based on seis-
mic direct hydrocarbon indicators (i.e. bright and flat

Fig. 1 An index map shows the offshore Nile Delta basin. The study area is defined by the red box. Sequoia field is colored in red while the other
Pliocene gas fields are colored in grey. Modified from Samuel et al. (2003)
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spots) and found gas sand reservoirs. Later in 2008, the
field was developed with six wells. In 2009, the pro-
duction had started, and the cumulative production
reached approximately 665 billion cubic feet.

The Sequoia field is a Pliocene (El-Wastani formation)
submarine slope canyon system. This canyon is filled with

many turbiditic channelized reservoirs Cross et al. (2009).
The southern part of Sequoia is confined to a relatively narrow
and well-defined valley incision (approximately 5 km wide).
In contrast, the northern part of the field occupies a much
wider incised valley which, in addition to the main central
channel, contains many branches (more than 20 km wide).

Fig. 2 Nile Delta stratigraphic column and hydrocarbon system. Modified from Rio et al. (1991)
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The total length of the field exceeds 30 km (Fig.3). The wells
penetrate areas with different gas-water contacts (GWC), in-
dicating compartmentalization and complexity within the
channel complex. GWCs get progressively deeper to the
north. This is most likely due to aquifer perching as a result
of fault compartmentalization (Fig. 3).

The Sequoia reservoir, generally, is a thick succession (up
to 200 m) that is fining upward of sandstones and mudstones.
The reservoir’s base is defined by a major incision that repre-
sents the base of the canyon (Fig. 4). As presented by
Mohamed et al. (2017), the canyon is filled by many smaller
channels that are stacked together to form the final shape of
the reservoir (Fig.3). The pay gas sand is approximately 77 m.
The average water saturation for the reservoir is 34%while the
average effective porosity is 24%.

Methodology

The input data for this study include; seismic amplitude,
seismic inversion, and well-log data sets. The seismic
amplitude data is represented by a reprocessed 3D
full-stack seismic volume that covers the area of inter-
est. The acquisition of this survey was in 2006 while
the reprocessing was in 2014. The total record duration
is 6 s and the sample rate is 4 ms. The seismic prestack
inversion volumes include the fundamental elastic vol-
umes; P-Impedance (IP), S-Impedance (IS), and Density
(Dn). In addition, other derived volumes include; P-
wave velocity (VP), S-wave velocity (VS), VPVS ratio,
Lambda-Rho (λρ), and Mu-Rho (µρ) volumes. The
wells used in the study are sorted into two exploration

Fig. 3 Root-mean-square amplitude map for the Sequoia channel overlaying the base of the channel’s variance slice. Locations of the study wells and the
blind well are shown. Modified from Mohamed et al. (2017)
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wells and six development wells. The exploration wells
are: Sapphire–2 and Rosetta–10, and the development
wells are: Sequoia–D1 to –D6. Sequoia–D5 well was
not included in the study but used as a QC well. All
wells have full suit of wireline logs include Sw, Φ, and
Vsh logs.

Figure 5 shows the workflow steps. As a start, well
logs QC and conditioning were applied to the input logs
to make sure that the well logs are spike-free and con-

sistent with the seismic data. After de-spiking the well
logs, all logs were resampled at 4 ms to match the
seismic scale and smoothed. Then, the full-stack seismic
volume was used as an engine to generate many internal
attributes (i.e. amplitude-related attributes, frequency-
related attributes, phase-related attributes …etc.). The
seismic-generated attributes (internal attributes) were
used with the inverted volumes (external attributes).
Using the stepwise-regression method, the best set of

Fig. 4 An arbitrary seismic line (upper) and its interpretation (lower) through the Sequoia channel showing the reservoir facies. NDOA=Nile Delta
offshore anticline. The location of this line can be seen in Fig. 2. Modified from Cross et al. (2009)

Fig. 5 The proposed workflow steps to predict the reservoir properties (Sw, Φ, and Vsh) via the PNN algorithm

673Earth Sci Inform (2021) 14:669–676



seismic internal/external attributes were found. With
these attributes, the prediction error is, statistically, the
lowest. The best set of attributes for Sw, Φ, and Vsh

prediction are listed in Table 1.

The conditioned well-log data and the best set of
seismic (internal/external) attributes at well locations

were fed to the PNN analysis for the training and val-
idation of the networks. During the training step, the
weights of the input attributes are modified to fit the
target log. At the same time, the networks are validated
using the cross-validation technique, in which some
wells were hidden, intentionally, and being predicted
using the trained network. After minimizing the errors,

Table 1 The best set of attributes
used to train the PNN for each
property

Reservoir’s Property Attribute order Attribute Name Attribute Type

Sw 1 1/(VpVs ratio) External

2 Vs External

3 Sqrt (Vp) External

4 FrEq. filter (5/10–15/20) Internal

5 Amplitude-weighted phase Internal

6 Cosine instant. phase Internal

Φ 1 1/(VpVs ratio) External

2 (lambdaRho)^2 External

3 Log (MuRho) External

4 TWT Internal

5 FrEq. filter (5/10–15/20) Internal

Vsh 1 1/(VpVs ratio) External

2 (lambdaRho)^2 External

3 Vp External

4 (Zp)^2 External

5 FrEq. filter (5/10–15/20) Internal

6 Cosine instant. phase Internal

7 TWT Internal

Fig. 6 A 3D view of the Sw predicted volume through the blind well location. (Left) a comparison between the predictions (colored) and the actual well
log (black curve)
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the trained networks are implemented to predict Sw, Φ,
and Vsh 3D volumes through three separate runs.

Results

To measure the accuracy of the PNN results, two quantitative
analyses method were applied. In the first analysis method, we
check the similarity/correlation between the originally record-
ed logs and the modeled logs at well locations. The average

normalized correlations for the Sw, Φ, and Vshwere 0.90, 0.94,
and 0.94, respectively. The second analysis method is the
blind well test, in which Sequoia–D5 well was not included
in the analysis for QC of estimation products.

The average correlations at the Sequoia–D5 well location
for the Sw, Φ, and Vsh were 0.86, 0.81, and 0.82, respectively.
Figures 6, 7 and 8 show the results at the blind well location.
The PNN resulting volumes (Sw, Φ, and Vsh) are aligned well
with the originally recorded well logs. And apart from the well
locations, these volumes are honoring the reservoir lateral

Fig. 7 A 3D view of the Φ predicted volume through the blind well location. (Left) a comparison between the predictions (colored) and the actual well
log (black curve)

Fig. 8 A 3D view of the Vsh predicted volume through the blind well location. (Left) a comparison between the predictions (colored) and the actual well
log (black curve)
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variability and show an interesting number of details. These
details are very crucial for investigating reservoir compart-
mentalization and to reassess the remaining hydrocarbon
reserves.

Conclusions

Considering the drawbacks of the conventional reservoir char-
acterization methods, we used a PNN approach to shale-vol-
ume, effective porosity, and water saturation 3D volumes.
Blind-well tests were performed to the resulted volumes.
The predicted reservoir properties showed very good tie to
the original logs, contain fine details, and honor reservoir het-
erogeneity between the wells. The resulted volumes can be
used to refine the construction of a reservoir model and to
reassess the remaining hydrocarbon reserves. The proposed
approach provides a short and efficient approach to reservoir
properties prediction.
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