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This paper presents an innovative technique that aims to predict the quality of a petroleum reservoir using
Artificial Neural Networks (ANN) analysis of seismic, well logs and core data. A supervised Probabilistic Neural
Network (PNN) was deployed to predict several reservoir properties, one at a time, through training and
validation of the PNN to determine the seismic attributes that best fit a measured property in the well logs.
The validated PPNmodels accurately converted the available 3D seismic data into shale volume, porosity, perme-
ability andwater saturation cubes. In addition, these predicted reservoir propertieswere integrated to definevar-
ious reservoir grades using K-means Clustering algorithm of unsupervised classification ANN. This technique is
applied to Al-Ghani Field and four grades of reservoir quality were classified as very good, good, bad, and very
bad and their spatial distributions were displayed. The highest reservoir grade is characterized by good porosity
and permeability and significantly low water saturation. Such information is highly valuable for optimum reser-
voir management and well placement. This not only maximizes reservoir profitability through production
schemes, but alsominimizes uncertainties in drilling, production, injection, and modeling processes. In addition,
adopting the proposed methodology would decrease costs in well logging programs and improve the sweeping
efficiency of water flooding operations.
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1. Introduction

The transformation of geophysical data into physical reservoir
properties such as elastic or petrophysical parameters represents an
inverse problem. Inverse theory uses mathematical applications to
deduce reservoir properties with lithofacies characteristics including
porosity, lithology, and fluid information from geophysical data (Krief
et al., 1990). Well logs and core data represent the only sources of real
reservoir sampling or measurements taken in direct contact with a res-
ervoir. Therefore, integration of well logs and core data to other data
such as seismic, well tests, and production is essential for formation
evaluation (Ahmadi et al., 2014; Abdulaziz et al., 2017), reservoir char-
acterization (Ibrahim et al., 2018; Ahmadi, 2015) and other engineering
applications (Ahmadi et al., 2015; Habib et al., 2016). Core samples pro-
vide reservoir description on a microscopic (pore size) level, whereas
well logs and wireline tests develop megascopic reservoir properties
which vary based on log/test resolution (Abdulaziz et al., 2017). Despite
the high resolution of formation properties from well log and core data
in the vertical domain, it is difficult to use these data in the horizontal
laziz).
(spatial) domain to extrapolate formation properties between wells.
Therefore, applications of artificial intelligence (Gholami et al., 2014;
Amin and Sadeghnejad, 2017), geostatistical approaches (Burgos et al.,
2008) and/or integration with seismic data (Sarhan et al., 2017; Saadu
and Nwankwo, 2017; Nguyen et al., 2018) became popular practices
to predict the properties in the spatial domain.

With seismic data, seismic attributes provide a versatile resource for
integration with log data to enhance reservoir descriptions in three di-
mensions. Seismic attributes involve the basic properties of wave sig-
nals derived either from direct measurements on seismic data
(internal attributes) or by logical or experienced past reasoning
(Taner et al., 1994) such as seismic inversion (external attributes). Seis-
mic inversion is the process that transforms seismic reflection data into
acoustic impedance that helps predict important reservoir properties
for both rock and saturating fluids (Hampson et al., 2005). Estimating
reservoir properties from the inversion of seismic data is sometimes
very important compared to direct interpretation of seismic models
because most seismic models do not account for the effects of
poroelasticity. Seismic inversion includes several categories including
pre-stack (fluid indicator) or post-stack (rock indicator) approaches
that apply deterministic, stochastic, or geo-statistical techniques.
These techniques typically use real reservoir measurements such as
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special core analysis (SCAL) and well logs as constraints (Russell, 2014;
Russell and Hampson, 2006; Hampson et al., 2005; Moosavi and
Mokhtari, 2016). Seismic inversion has proved valuable in reservoir
characterization andmonitoring (Farfour et al., 2015), mapping perme-
ability barriers and high permeable paths (Ramirez et al., 2013), dy-
namic reservoir characterization and enhanced oil recovery (EOR)
(Wang et al., 2017), and sweep mechanisms (Xu et al., 1997; Staples
et al., 2006; Bousaka and O'Donovan, 2000).

Internal seismic attributes have been widely used in exploration for
hydrocarbon resources (Xu et al., 1997; Wang, 2001; Nanda, 2016), de-
termination of facies variation (Farfour et al., 2015; Partyka et al., 1999),
and in identifying the predominant reservoir drive mechanism (Xu et
al., 1997; Staples et al., 2006; Bousaka and O'Donovan, 2000; He et al.,
1997). These attributes involve spectral decomposition, tuning thick-
ness, instantaneous amplitude (reflection strength), instantaneous fre-
quency, and instantaneous phase. In addition, geometric attributes
(dip and azimuth, curvature, coherence) are used for subsurface struc-
tural characterization, and identification of lateral variations in strati-
graphic features (Nanda, 2016). Instantaneous frequency provides an
estimate of wave frequency with time which is very useful in depicting
stratal details of thin reservoirs (Partyka et al., 1999). Alternatively, in-
stantaneous frequency and amplitude related to tuning are capable of
Fig. 1. Locationmap of Al-Gahni Field (upper)with a basemap (lower) showingwell sites
relative to the seismic survey in-lines and crosslines (Al-Harouge, 1980).
revealing the presence of hydrocarbons through high frequency loss
by adsorption. Consequently, low frequency regions define the reservoir
target for drilling (Robertson and Nogami, 1984). However, causes
other than the presence of hydrocarbons, such as reservoir lithology
and facies change, particularly in thin formations from deltaic environ-
ments, may induce high frequency loss (Ebrom, 2004). Spectral decom-
position attributes involve isolating the seismic frequency content into
domains of interest that helps in the evaluation of stratigraphic details
in thin layers (Castagna and Sun, 2006). Thus, spectral decomposition
exposes lateral discontinuities and identifies lateral facies changes that
are useful for selecting optimal drilling trajectory (Partyka et al., 1999;
Rijks and Jauffred, 1991). Dip and azimuth attributes provide a quantita-
tive estimate of the shape of geologic bodies. Sharp discontinuities in
geometric attributes typically indicate the presence of faults or fractures
important to hydrocarbon production. For example, fracture density
and trends were mapped using curvature attribute analyses in Argen-
tine basins (Sigismondi and Soldo, 2003).

Recently, ANN has been extensively applied in property prediction
and/or problem solving in petroleum engineering studies (e.g. Al-
Kaabi, 1993; Zhangxin, 2007; Habib et al., 2016). This includes drilling
engineering (Ahmadi, 2016), reservoir fluids characterization (Ahmadi
et al., 2015a; Ahmadi et al., 2015b; Ahmadi and Ebadi, 2014), EOR
(Ahmadi, 2015a; Ahmadi et al., 2015c), heavy oil recovery (Ahmadi et
al., 2014a) and reservoir engineering (Ahmadi, 2014; Ahmadi et al.,
2014b; Ahmadi and Mahmoudi, 2016). ANN typically adopts nonlinear
parallel processing approaches usingnumerous algorithms, butmay use
linear approximations aswell (Anifowose et al., 2016). To select the op-
timum algorithm, a neural network must be trained with real and rep-
resentative data (Anifowose et al., 2013). Generally, applications of
neural networks, as implemented in this work, fall within two
Fig. 2. A composite stratigraphic column for the west Sirt Basin (Al-Harouge, 1980).



Table 1
Well data of Al-Ghani field used for data analysis.

Well name TD(ft.) X (ft.) Y (ft.) Available data

RRR01 6160 740,393 3,206,254 Check shot,sonic, resistivity,gamma ray, neutron porosity logs
RRR02 6210 739,273 3,206,656 Density,sonic, resistivity,gamma ray, and neutron porosity logs
RRR04 6130 739,335 3,208,370 Density,sonic, resistivity,gamma ray, and neutron porosity logs
RRR07 6090 739,742 3,207,035 Density,sonic, resistivity,gamma ray, and neutron porosity logs
RRR08 6110 738,824 3,208,221 Density,sonic, resistivity,gamma ray, and neutron porosity logs
RRR09 6060 739,282 3,207,568 Density,sonic, resistivity,gamma ray, and neutron porosity logs
RRR10 5965 739,144 3,209,225 Density,sonic, resistivity,gamma ray, and neutron porosity logs
RRR20 6100 739,734 3,206,508 Density,sonic, resistivity,gamma ray, and neutron porosity logs
RRR21 6040 739,070 3,209,809 Density,sonic, resistivity,gamma ray, and neutron porosity logs
RRR26 5985 739,042 3,210,514 Density,sonic, resistivity,gamma ray, and neutron porosity logs
RRR30 5995 739,702 3,209,508 Density,sonic, resistivity,gamma ray, and neutron porosity logs
RRR31 6000 739,611 3,210,486 Density,sonic, resistivity,gamma ray, and neutron porosity logs
RRR33 6200 738,911 3,207,280 Density,sonic, resistivity,gamma ray, and neutron porosity logs
RRR37 6100 740,352 3,209,879 Density,sonic, resistivity,gamma ray, and neutron porosity logs
RRR40 8300 738,065 3,209,807 Density,sonic, resistivity,gamma ray, and neutron porosity logs
RRR42 6205 740,279 3,207,395 Density,sonic, resistivity,gamma ray, and neutron porosity logs
RRR47 6250 741,396 3,207,783 Density,sonic, resistivity,gamma ray, and neutron porosity logs
RRR59 6050 741,470 3,208,781 Density,sonic, resistivity,gamma ray, and neutron porosity logs
RRR71 6214 740,503 3,207,984 Density,sonic, resistivity,gamma ray, and neutron porosity logs
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categories: the first category involves classification problems, and the
second category involves property prediction (Hampson et al., 2005).
Prediction with ANN has many advantages including: high prediction
power, better resolution, and capacity to cross validate using various at-
tributes combined with amplitude and time domain measurements
(Russell, 2014; Habib et al., 2016). Neural networks are utilized through
two main techniques: supervised and unsupervised. The supervised
Fig. 3. A schematic workflow for integrating well logs and seismic data for property
prediction using ANN in the Farrud reservoir.
ANN technique is used in solving problems with input and known out-
put data. This technique allows for estimation of a pertinent relationship
between input and output data (Habib et al., 2016). Therefore,
supervised ANN would provide a reasonable interpretation such as the
relationship between input and output variables which is already spec-
ified during the teaching process. One of the limitations of supervised
ANN is that the numerical values of input data should be set in order
to be appropriate to ANN training. Numerous methods of supervised
ANN have been developed including Multi-layer Feed Forward
(MLFN), Radial Basic Function (RBF) and the Probabilistic Neural Net-
works (PNN) (Russell and Hampson, 1991; Hampson et al., 2001;
Russell, 2014; Russell andHampson, 2006; Hampson et al., 2005). Alter-
natively, an unsupervised neural network utilizes a solving algorithm
that investigates data patterns of a series of input data without the
need for any specific outputs. A main advantage of this method is that
it does not necessarily require the output to be known at the beginning
of any trial (Russell, 2014; Habib et al., 2016), and is therefore com-
monly applied in reconnaissance of data patterns.

In this studywe use data collected for the Al-Ghanifield of Libya. The
Al-Ghani Field was discovered in 1972 within the western part of Sirt
Basin with estimated oil reserve of 0.5 billion barrels, and is currently
producing 10,000 barrel per day (Al-Harouge, 1980). Despite its long
production history, the reservoir quality of the Farrud pay zones is
only known at well locations, leaving large areas between wells un-
known. Such gaps in reservoir description represent a major challenge
to future development plans. In the present study, a novel technique
which incorporates seismic, well logs, and core data with ANN is devel-
oped to map out important reservoir parameters and identify the over-
all quality throughout the reservoir geobody.
Table 2
Equation list applied in petrophysical properties calculations for the Farrud reservoir. The
variables are as follows; Ip is Pwave impedance (kg/m2.s), Vp is Pwave velocity (m/s), ρ is
the density (kg/m3), ϕND is the neutron-density porosity (%),ϕN is the neutron porosity
(%), ϕD is the density porosity (%), Vsh is the volume of shale (%), IGR shale index, Sw is
thewater saturation (%), formation water resistivity (Ohm.m), Rt is the true formation re-
sistivity (Ohm.m), a, m and n are Archie parameters, and ϕ is the total porosity.

Property Equation Reference

P-impedance Ip = Vp × ρ Russell and Hampson, 2006
Porosity ∅ ∅ND ¼ ØNþØD

2
Bertozzi et al., 1981

Volume of Shale Vsh ¼ 0:5�IGR
1:5−IGR

Stieber, 1970

Water saturation Swn ¼ a
∅m � Rw

Rt
Archie, 1942

Absolute permeability Measured in core data Al-Harouge Co.



Fig. 4. The correlation of the inverted trace (red trace) with the original acoustic impedance log (blue trace) calculated at well RRR04. (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)
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2. Geological setting and data set

Farrud reservoir, also known as Beda-C, covers 29 km2 and repre-
sents the main reservoir in Al-Ghani field. It is typically made of dolo-
mitic to calcareous facies that trap sweet crude (Fig. 1-upper). Farrud
sediments form the largest member within the Beda Formation that
also includes the Facha and Gir members (Fig. 2). It represents a
Fig. 5. A simple schematic structure of the generalized regression neural network.

Table 3
Thewells used for PNN training/verification process and testing of the results in the Farrud
reservoir.

Reservoir property Training/verification wells Testing wells

Porosity 12 wells RRR02 and RRR33
Volume of shale 8 wells RRR59 and RRR30
Water saturation 12 wells RRR08, RRR42 and RRR71
Absolute permeability 2 wells RRR10
regressive carbonate depositional cycle with an average thickness of
23 m deposited in a shallow to fairly open marine environment.
Although Farrud is conventionally called a “formation” as stated in the
operating company reports, it represents a stratigraphic member of
the Beda Formation (Fig. 2). Lithostratigraphically, the Farrud member
is sandwiched between theHagfa Shale and theDahra Formation of pre-
dominantly shale lithofacies. Thus during Farrud deposition, marine
conditions had changed radically from deep to shallow marine, and
Fig. 6. A flow chart of the steps applied in the K-means clustering technique.



Table 4
A brief statistical analysis of the calculated petrophysical parameters in the Farrud reservoir.

Property Value RRR 02 RRR 04 RRR 09 RRR 10 RRR 20 RRR 21 RRR 28 RRR 31 RRR 33 RRR 42 RRR 47 RRR 71

Total porosity Min 1.9 13 16 12 1 12 0.02 15 0.03 0.8 4.9 8
Max 19 20 20 22 25 22 20 25 19 22 20 24
Avg 10 16 18 17 12 17 10 20 9.5 11.4 12 16

Vshale Min 0 1 1.8 0 0 0 0 0 0 0 0 0
Max 2.7 3.6 5.2 7.4 2.5 4 1.6 5.3 12 9 10 11
Avg 1.35 2.3 3.5 3.7 1.2 2 0.8 2.6 6 4.5 5 5.5

Sw Min 24 12 24 17 15 16 19 16 17 10 56 24
Max 62 100 59 85 100 100 61 92 96 40 100 98
Avg 43 56 41 51 57 58 40 54 56 25 78 61

Table 6
Seismic attributes used in reservoir properties prediction with PNN for the Farrud
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the transport of land derived clay sediments into the basin had entirely
stopped. While the Farrud reservoir initially had poor porosity, dolomi-
tization changed this initial setting dramatically. Dolomitization was so
quick and complete that it left only a little of the original structure and
texture of the sediments. Structurally, the important features in
Al-Ghani field involve northwest to southeast trending faults which
lead to a sudden increase in pay thickness at the center of the field
(Al-Harouge, 1980).

The present study uses log data from 19 wells, core data from three
wells and 3D poststack seismic data (Fig. 1-lower). The log data include
density, sonic, gamma ray, resistivity, and neutron porosity logs.
The available wells are separated into 13 wells for initial ANN model
training and verification while the remaining 6 wells are utilized for
testing purposes (Table 1). The seismic cube involves 300 in-lines
and 194 crosslines that extend between 600 ms and 1200 ms covering
the reservoir interval that dominantly falls between 960 ms, and
1150 ms.
reservoir.

Attributes Reservoir Properties

Porosity Shale volume Water
saturation

Permeability

Filter 55/60–65/70 – – – 0.074753
Amplitude weighted
phase

0.001236 – −0.000054 −0.001255

Instantaneous phase −0.039287 – 0.002297 −0.039006
Filter 5/10–15/20 – – – −0.543898
Derivative
instantaneous
amplitude

– −0.161368 – 1.510101

Instantaneous – – – −0.432515
3. Methodology

To predict the 3D distribution of inherent reservoir properties from
the available data, a PNN is trained using the pertinent well logs
derived-reservoir property and the corresponding seismic attributes at
well locations. Such a method is accurate with high resolution as it in-
volves both detailed log response tied with the comprehensive seismic
response throughout the geologic media. The detailed workflow of this
analysis is summarized in Fig. 3, and some details of the key steps are
briefly described. First, the log data set is reviewed for consistency and
Table 5
The correlation percentage ofwell tying to seismic data obtained for all studiedwells using
a statistical zero phase wavelet.

Well Well application(s) Well tie correlation Farrud Formation

Top (ft) Bottom (ft)

RRR01 Training + Verification 71% 5959 6042
RRR02 Training + Testing 69% 6002 6086
RRR04 Training + Verification 93% 5897 6098
RRR07 Training + Verification 92% 5922 6011
RRR08 Testing 78% 5903 5998
RRR09 Training + Verification 95% 5884 5994
RRR10 Training + Testing 97% 5849 5951
RRR20 Training + Verification 97% 5965 6050
RRR21 Training + Verification 93% 5896 6000
RRR26 Training + Verification 82% 5747 5985
RRR30 Testing 75% 5770 5995
RRR31 Training + Verification 80% 5765 5950
RRR33 Training + Testing 91% 5992 6081
RRR37 Training + Verification 97% 4740 7500
RRR40 Training + Verification 88% 6870 7610
RRR42 Training + Testing 90% 5930 6014
RRR47 Verification 87% 5888 5979
RRR59 Testing 96% 5892 6050
RRR71 Testing 75% 5905 6012
removal of spurious signals, while formation tops, check shots, and
well survey data are checked for consistency and quality assurance.
Seismic data are primarily preconditioned to improve the data quality,
and reduce noise using OpendTect version 6.0 software (dGB Earth
Sciences). Seismic and log data analyses involve well-to-seismic ties,
picking horizons, and wavelet extraction, which in the present case is
a zero phase wavelet. Time-depth conversion of seismic data is com-
pleted using the check shot ofwell RRR01,while the depth-time conver-
sion is automatically completed for wells using the sonic-check shot
relationship to enable data integration and facilitatewell ties in timedo-
main. Wavelet extraction is accomplished using a zero phase statistical
approach that shows higher correlation compared to other techniques,
and converges faster than minimum phase wavelet (Hampson et al.,
frequency
Filter 15/20–25/30 – – – 0.462885
Colored_inversion_Zp
_Sqrt

– −0.000001 – −0.007575

Integrated absolute
amplitude

– −0.005122 – −0.144950

Apparent polarity – – – −0.050841
Amplitude weighted
frequency

– – – 0.019168

Amplitude envelope – – −0.002363 −0.624259
Quadrature trace – – – 0.692357
Filter 25/30–35/40 0.090583 – −0.004562 0.468366
Integrate – – – −0.108225
Derivative col.
inversion_ Zp sqrt

– – – 0.989810

Raw seismic – – – −0.871219
Amplitude weighted
cosine phase

– – – 0.341634

Filter 35/40–45/50 0.117688 0.012815 −0.003471 0.300227
Filter 45/50–55/60 – – 0.011188 0.140740
Second deriv. Instant.
amplitude

– – – 4.123433

Second derivative
cosine instant.

– – – −0.540609

Dominant frequency −0.530172 – – 0.526309
Average frequency – – – −4.773460
Constant (W0) 25.813349 −419.925873 0.398457 278.488586
Number of attributes 5 4 6 24



Fig. 7. Training and verification error analysis calculated in all wells for the four properties predicted in this study.
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2001). Horizon picking is completed to guide interpretation of reservoir
properties within the important zones of the Farrud member. Log data
analysis includes calculations of shale volume (Stieber, 1970), porosity
(Bertozzi et al., 1981) and water saturation (Archie, 1942) using the re-
lationships presented in Table 2. In water saturation calculations, the
Archie parameters, “a” and “m”, are determined in each well using
Hingle (1959) and Pickett (1966) plots where “n’ was set to 2. In
addition, the impedance from log data at layers interfaces (Table 2) is
also calculated to build an initial a priori inversion model.

Inversion analysis uses correlation ratio, error ratio, and matching
ratio to check the performance of the inversion method that best fits
the available post stack seismic data. Inversion is accomplished using
3D seismic data and 11 wells. Fig. 4 demonstrates the correlation be-
tween the inverted trace (red trace to the left) and the original acoustic



Table 7
Average training and verification errors calculated in permeability predictions.

Seismic attribute Training Error (%) Verification Error (%)

Instantaneous phase 6.23 8.89
Amplitude weighted phase 7.5 8.35
Derivative instant. Amplitude 5.32 8.17
Filter 5/10–15/20 4.52 7.88
Filter 15/20–25/30 2.39 7.75
Filter 25/30–35/40 4.63 7.62
Filter 45/50–55/60 3.65 6.62
Filter 35/40–45/50 4.21 6.61
Filter 55/60–65/70 5.18 6.16
Colored inversion_ Zp_Sqrt 6.28 7.72
Deriv. colored inversion_ Zp_Sqrt 5.26 7.69
Instantaneous frequency 4.23 7.57
Integrated absolute amplitude 5.89 7.50
Amplitude weighted frequency 6.12 7.39
Amplitude envelope 6.18 7.08
Raw seismic 2.93 7.03
Amplitude weighted cosine phase 3.57 6.69
Average frequency 2.36 6.63
Dominant frequency 1.32 6.61
Quadrature trace 5.14 6.58
Integrate 2.36 6.48
Second deriv. Instantan. amplitude 2.66 6.32
Apparent polarity 3.50 6.25
Second deriv. Cosine instantaneous 3.68 6.19

Fig. 8. The predicted total porosity cube of Al-Ghani field fr
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impedance log, blue trace calculated from sonic and density logs.
Among the available inversion types, colored inversion produces a
high correlation and low error ratio. In addition, it shows the best inver-
sion results in both elastic and acoustic impedance and, therefore, is
adopted for executing the inversion process. In the present, study both
internal and external attributes are exploited by PNN, and over a hun-
dred attributes have been tested in extracting the lumped properties
within the seismic records. The PNN structure adopts a probabilistic al-
gorithm in simple network structure with a single hidden layer (Fig. 5)
categorized as a generalized regression (linear) neural network. The
input layer comprises a number of neurons adjusted to fit the number
of seismic attributes involved in the analysis while the output layer in-
volves a single neuron for a target property. For predicting each reser-
voir property, three consecutive steps are accomplished. This includes
integration of inversion results with original seismic data in attributes
analysis together with well logs to train PNN, verifying and testing of
neural network results, and finally converting seismic data into
petrophysical property of interest. PNN uses step-wise regression for
defining the best set of attributes near each trainingwell that fit a reser-
voir property calculated from logs (training process) and subsequently
models this reservoir property as a linear combination of the defined at-
tributes based on log-seismic correlation (Eq. (1)). This involves
assigning a weight for each attribute based on this correlation, and
predicting the reservoir property from available seismic attributes at
well locations for verification purposes. This process is repeated using
om seismic data using PNN and five seismic attributes.
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different numbers of attributes (i.e., trial and error technique), until the
best fit between the predicted and actual values is achieved in the train-
ing wells. Then, the PNNmodel is applied to the entire seismic data set.

Pt ¼ ω0 þω1Α1t þω2Α2t…þωNΑMt ð1Þ

Where: P is the target property at a time sample (t),ωi is theweight,
ω0 is constant, N is the number of samples, and M is the number of
attributes.

Eq. (1) is solved using a standard least-squares approach with the
least squared prediction error (E2) calculated using Eq. (2).

E2 ¼ 1
N
∑N

i¼1 Pi−ω0 þω1A1i þω2A2i þ…þωNAMið Þ2 ð2Þ

The solution in matrix form that solves the linear system for the
weights (W) of selected attributes (A) can be simplified as shown in
Eq. (3).

W ¼ AT A
h i−1

AT P ð3Þ
Fig. 9. Validation of the total porosity prediction at th
The resulting reservoir property is subsequently tested using inde-
pendentwells (testingwells)with actual reservoir properties at the cor-
responding locations where seismic attributes have only been used for
property prediction. In such analysis, cross correlation is used as an in-
dication of PNN performance in property prediction. Generally, the
PNNmodel is acceptedwhen cross correlation exceeds 0.70 in all testing
wells, otherwise the number of attributes is changed. Table 3 presents
the number of wells used in the PNN training and testing for each stud-
ied reservoir property. The available seismic data cube is converted into
four property cubes (porosity, shale volume, water saturation, and per-
meability) using the verified/tested PNN model of each corresponding
property.

Finally, the four property cubes are analyzed with the unsupervised
ANN classification technique. In this technique, K-means Clustering
Algorithm executes class and match methods to define four grades of
reservoir quality (very good, good, bad and very bad). A simplified de-
scription of data analysis and implementation of K-means clustering al-
gorithm is described by Kanungo et al. (2002). Fig. 6 presents a
schematic diagram of this classification technique. In the present analy-
sis, the data points of 500 vectors (Sw, phi, Vsh, and K) representing the
different reservoir grades are plotted in space and the clustering process
e Farrud reservoir using wells RRR08 and RRR33.
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defined four clusters. The distance measurement between two data
points is calculated in any cluster using Eq. (4) andminimization calcu-
lations of K-means (centroids) are accomplished using Eq. (5) (Bezdek,
1980).

dij ¼ d xi; xj
� �

¼
XD

K¼1

xiK−xj
K

� �2
ð4Þ

Where: dij is the squared Euclidean distance between any two
points i and j in any cluster k of the target D clusters, which is four in
the present analysis.

min
XK

m¼1

XN

i¼1

rimd xi;Cm
� �

; rim∈ 0;f 1g; subject to

XK

m¼1

rim ¼ 1;∀i; and
XN

i¼1

rimN0;∀m ð5Þ

Where Cm represents the centroid of the mth. Cluster and Eq. (4) de-
fines the term d(xi, Cm).

Several iterations are executed and once the convergence is
achieved, a centroid of each class is determined. Alternatively, all reser-
voir data points are assigned to one of these classes using a match tech-
nique. Class matching is based on the shortest calculated distance
between a classification point and one class centroid.
Fig. 10. The predicted cube for the volume of shale at Al-Ghani fi
4. Results and discussion

Petrophysical analyses for all available wells are completed and a
simple statistical analysis of the results is presented in Table 4. Table 5
presents the results of well tie correlations with the reported depths
for the Farrud Formation and the application(s) of eachwell in the pres-
ent study. Inversion of available seismic data, 600–1200ms, imaging the
reservoir interval is completed using the colored inversion. Despite the
significant correlation between P-impedance and both porosity and
water saturation in the Farrud reservoir, inversion data are preferred
to be integrated in attribute analysis instead of using the P-impedance
as a proxy for porosity andwater saturation. Table 6 lists the seismic at-
tributes of the optimal PNN structure used for each property prediction
together with theweight assigned for each attribute involved in the cal-
culations. Alternatively, the results of error analysis applied to both
training and verification wells are presented in Fig. 7. In addition, the
error analysis for each property is calculated for individual attributes,
and Table 7 shows an example of the error analysis calculated for each
attribute involved in permeability prediction. Detailed discussion of
the results of converting seismic data to each reservoir property using
PNN is presented separately below.

5. Prediction of porosity

In porosity analysis, 12 wells are used for PNN training to predict
total porosity using seismic attributes from the original seismic data
and inversion results. The porosity used for PNN training is calculated
from Neutron and Density logs using standard relationships (Dobrin
eld from seismic data using PNN and five seismic attributes.
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and Savit, 1988 andArchie, 1942) (Table 2). Teaching the PNNusingfive
seismic attributes is considered acceptable, as the correlation coefficient
approaches 0.90. These attributes are amplitude weighted phase, in-
stantaneous phase, filter 25/30-35/40, filter 35/40-45/50, and the dom-
inant frequency (Table 6). The highest weight in porosity prediction
was assigned to the dominant frequency attribute (−0.530172) while
the lowest weightwas given to the instantaneousweighted phase attri-
bute (0.001236). This indicates a strong influence of porosity on wave
propagation across the reservoir. This PNNmodel is applied to the seis-
mic data to develop the total porosity cube shown in Fig. 8. The error
analysis of the porosity prediction indicated that most wells had an av-
erage error of 3.5% with maximum error (5%) reported at well RRR21,
and the minimum error (2.0%) in well RRR31 (Fig. 7). Alternatively,
the prediction errors typically fall close to 7% except the porosity predic-
tions in wells RRR07, RRR09, and RRR21, where error approaches 10%
(Fig. 7). Validation of the porosity results is accomplished using two
wells (RRR08 and RRR33) shown in Fig. 9. A good correlation can be
seen in both wells even if the exact pattern is not precisely followed
due to resolution issues, as logs typically resolve 1.0 m features while
seismic data, in the best cases, resolve 10m objects. Generally the pre-
dicted values are 3 to 4 porosity units underestimated compared to
Fig. 11. Validation of the volume of shale prediction at t
the corresponding values calculated from density and porosity logs.
This could be due to the fact that the values of predicted porosity repre-
sent the average of all traces located near the well. The analysis of the
resulting porosity cube showed that the wells drilled in the area
targeted the high porosity zones within the Farrud reservoir (Fig. 8).
In addition, a close examination of the predicted porosity cube of nearby
wells showed that the predicted porosity correctly captured the poros-
ity response measured in the wells (e.g., wells RRR08 and RRR33). This
can be observed where the higher porosity values correlate well with
the high resistivity zones identifying the pay zone in the Farrud reser-
voir (Fig. 9).

6. Predicting shale volume

Testing the performance of manual analysis of single and multiple
attributes in predicting the shale volume at eight well locations showed
low capabilities as indicated by the low correlation coefficients (~0.60).
Therefore, a Neural Network is applied to help in selecting theproper at-
tributes to improve the prediction of shale volume. Hence, shale volume
logs of eight wells and the corresponding seismic attributes are used to
train the PNN at well locations. The optimum correlation (0.83)
he Farrud reservoir using wells RRR59 and RRR30.
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between predicted and actual shale volumes is obtained after PNN
selection of four attributes (Table 6). These attributes, arranged
according to their relative importance, include filter 35/40-45/50, deriv-
ative instantaneous amplitude, integrated absolute amplitude, and
colored_inversion_Zp (Table 6). These attributes had inverse propor-
tionality to shale volume except for the filter 35/40-45/50 attribute
that reported a positive weight (0.012815). Accepting this PNN model
as a proxy for converting the seismic data into shale volume, the con-
verted cube shown in Fig. 10 is obtained. The detailed investigation of
the converted shale volume helps in defining the distribution of reser-
voir rock in the study area using a suitable Vsh cutoff of 15%, for exam-
ple. Generally, well placement was successful in targeting places with
low shale content (Green color), but higher shale content (N 80%) may
indicate a good seal for potential reservoir units. The error analysis of
the input data is prepared to show the contribution of each well to the
error in Vsh prediction. The errors calculated at most wells are similar
(~1%), except at well PRR07 where the deviation has increased to
about 4.5% (Fig. 7). In addition, two wells (RRR59 and RRR 30) are
used for testing the results and a very good correlation is obtained in
both wells, 0.75 and 0.65, respectively (Fig. 11). This is particularly
true within the Farrud pay zones, but the mismatch significantly in-
creases outside the pay intervals (e.g. RRR 59, Fig. 11).

7. Water saturation prediction

In water saturation prediction of the Farrud units, 15 wells are used,
with 12 wells randomly selected for PNN training, while 3 wells are re-
served for testing the results. In PNN training several attributes are
tested and the results in Table 6 show the best six seismic attributes
that provide acceptable Sw-prediction together with their weights.
Generally, the filter attributes had significant weights in this model
compared to the other signal characteristics attributes (amplitude
weighted phase, instantaneous phase, and amplitude envelope). This
indicates the prevalent effects of the propagation media rather than
Fig. 12. The predicted cube for water saturation at Al-Ghani field
the changes in media at layer interfaces. The PNN model is accepted as
the optimum model as the correlation coefficient between predicted
water saturation and log-derived water saturation approaches 0.98.
Then, the PNN model is applied to convert the available seismic data
to the water saturation cube presented in Fig. 12. Error analysis is ap-
plied to the 12 wells used in PNN training, and the results indicated
that most wells attained 2.5 to 4.0% errors in Sw prediction (Fig. 7). In
this error analysis, the maximum error (5.25%) is reported at well
RRR21 while the minimum error (2.0%) is calculated at well RRR31
(Fig. 7). In addition, a comparison of the predictedwater saturation ver-
sus interpreted water saturation from log data is determined at two
wells, RRR08 and RRR71, for testing the results (Fig. 13). In wells
RRR42, RRR08 and RRR71 the water saturation pattern of log data is
very well captured in the converted traces, particularly within the
Farrud zones. This is indicated with correlation coefficient of 0.79 and
0.80 calculated at wells RRR08 and RRR71, respectively (Fig. 13).

Fig. 14 shows a cross section view within the converted water satu-
ration cube where well RRR71 is utilized to test results. Low water sat-
uration zones (red color) are recognized at four intervals indicating
potential hydrocarbon accumulation in the proximity of the Farrud sed-
iments (790ms), which are significantly correlated with the high resis-
tivity log records (Fig. 14). This indicates a feasible occurrence of three
other pay zones that are respectively encountered at 735 ms, 755 ms,
and 765 ms (Fig. 14). The uppermost zone (735 ms) represents the
Gir Formation with confirmed oil production at this depth in Al Ghani
Field as documented in the operating company reports. The second
(755 ms) and third (765 ms) predicted pay zones correspond, respec-
tively, to the Facha and Mabruk lithostratigraphic units. Despite the
lack of log data for these two formations, the internal company reports
also indicated production from these zones. Such a result indicates a
successful prediction of water saturation from the present analysis
and successful tracking of oil bearing intervals across the sedimentary
section. A similar result, but with a different pattern, is recognized at
lower depths around well RRR8 where the pay zones are not
from seismic data using PNN and seven seismic attributes.
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continuous. In other locations, the converted water saturation section
shows a successful depiction of the low water saturation zones con-
firmed by a high resistivity log response in many other wells penetrat-
ing the Farrud reservoir. To further validate the Sw results, the
converted sections of water saturation and porosity are compared to
the impedance data for the area around wells RRR08 and RRR59. The
low water saturation zones (red tone in water saturation section) are
correlated well with intermediate porosity (8–12%), and both consis-
tently showed intermediate P-impedance values. Furthermore, the
time slice (Fig. 15) shows numerous wells with low water cut placed
within the interpreted low water saturation zones. For other wells
with increasing water cut, a sidetrack to a nearby low water saturation
spot would probably improve the oil production of these wells and con-
sequently increase the overall recovery.

8. Permeability prediction

The permeability analysis in the present study considers the intrinsic
permeability, a rock property measured in milli-Darcies. According to
Hubbert (1956), Shepherd (1989) and Fetter (2001) intrinsic perme-
ability (Ki) of a basin is dependent only on the mean pore size of the
Fig. 13. Validation of water saturation prediction at th
sediments, essentially a petro-fabrics property. Since seismic wave
propagation and interaction at the interface are controlled by the
petrofabrics of the geologic media, the change in pore size would be
depicted within the seismic records. Spatial and vertical distribution of
absolute reservoir permeability is predicted from seismic data using
the PNN-based model built with the aid of permeability measured
from core data at the well locations (Fig. 16). This involves merging
core data of two wells with seismic data using PNN to define the best
24 attributes and their weights (Table 6) as an optimum model for
predicting the absolute permeability in the Farrud reservoir. In this
model, the frequency and filter attributes have significantly higher
weights compared to the amplitude and phase attributes. Generally,
the amplitude and phase attributes inherit their characteristics at layer
interfaces while spectral decomposition (filter attributes) and fre-
quency are strongly affected by the propagation media. This indicates
the predominant effect of reservoir medium on wave propagation
rather than layer interfaces. In addition, the higher number of versatile
attributes that involve amplitude, phase, spectral decomposition and
frequency, togetherwith their derivatives, indicate the complex data re-
lationships involved in permeability prediction. The PNN model is con-
sidered acceptable as the correlation between predicted permeability
e Farrud reservoir using wells RRR08 and RRR71.



Fig. 14. A cross sectional view from the converted water saturation cube in the proximity of well RRR71.
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and core permeability of wells RRR01 and RRR37 approaches 0.97. Error
analysis is applied to the data points of these two wells used in PNN
training, and the results reported 10.5% permeability prediction errors
in well RRR37, while 1.5% error is calculated at well RRR01 (Fig. 7).
This PNNmodel is applied to convert the available seismic data to a per-
meability cube. The results show that the permeability in Farrud reser-
voir falls between 12 mD and 141 mD, which closely agrees with the
values documented in the internal reports of the operating company.
To further investigate the validity of results, the core permeability of
well RRR10 is compared to the predicted permeability at the well loca-
tion (Fig. 17). The comparison indicated a high correlation, and
Fig. 15. Numerous wells with their water cut shown on a time slice
generally the dominant pattern of measured permeability is depicted
with a correlation coefficient of approximately 0.70.

9. Prediction of reservoir quality

To develop a reservoir quality prediction for Farrud reservoir, unsu-
pervised ANN with K-means Clustering Algorithm is applied to catego-
rize the Farrud sediments into four categories (good,medium, poor, and
very poor). Table 8 presents the 500 vectors used in building the classi-
fication data base and the contribution of each class with averagematch
of over 90%. As shown in Table 8, permeability and calculated Sw
of the converted water saturation cube of the Farrud reservoir.



Fig. 16. The predicted cube for permeability at Al-Ghani field from seismic data using PNN and 25 seismic attributes.
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reported a relative importance of 100 and 90, respectively, and appear
to be the key parameters that distinctly determine the category to
which a particular portion of the reservoir is assigned. Alternatively,
the volume of shale reported a moderate relative importance of 73,
Fig. 17. Validation of permeability predictio
but porosity carried relatively insignificant influence on reservoir qual-
ity classification with 39 relative importance. Using a match technique,
the data points throughout the Farrud pay zone are assigned a reservoir
quality using the criteria presented in Table 8, and the final reservoir
n at Farrud reservoir using well RRR10.



Table 8
Number of vectors, relative property importance, and center property value used in reservoir quality prediction by the K-means Clustering algorithm.

Vectors classified: 500.

Class 1 vectors: 132. Average match: 0.894612.
Class 2 vectors: 111. Average match: 0.901632.
Class 3 vectors: 231. Average match: 0.910402.
Class 4 vectors: 26. Average match: 0.867648.

Input mode relative importance:

38.3 ((edit por)).
100.0 ((editperm)).
73.5 ((predicted_Vshale)).
90.7 ((predicted_watersaturation)).

Center 1 Center 2 Center 3 Center 4

[edit por] 0.11459582 0.17805749 0.10627446 0.13517642
[editperm] 0.13763399 0.12853031 0.12701049 0.17154208
[predicted_Vshale] 0.96975732 1.00307187 1.02897203 1.82944405
[predicted_watersaturation] 0.30206078 0.71737432 0.76398557 0.80198681
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quality volume is presented in Fig. 18. In general, themajority of drilled
wells tap the high quality reservoir (yellow color)with fewwells drilled
in the medium quality (light green) area. The high and medium quality
regions in Fig. 18 are outlined with a polygon to define the reservoir ex-
tension in the Farrud sediments. This polygon defining the Farrud reser-
voir geobody closely matches that display in Fig. 1-upper.

Generally, the good reservoir quality regions represent 26.4% of the
total classified vectors and indicate the best match of the characteriza-
tion parameters, where low water saturation (30%) and volume of
shale with moderate porosity and permeability are encountered. To-
gether with the good reservoir quality, the medium quality constitutes
the other dominant category that forms the Farrud hydrocarbon pool
and the outlined geobody shown in Fig. 18. Alternatively, the very
poor class encompasses 5% of the studied reservoir volume where Sw
falls close to 80%, while the other parameters fall below the predefined
thresholds outlined in Table 8. The majority of the studied area (46%)
falls within the poor reservoir quality with significantly high Sw
(76%), while the other reservoir properties have values similar to
those assigned to the good category. Finally, the medium reservoir cat-
egory represents 22% of the studied reservoir volume and encompasses
all regions with median Sw of 70% with characteristics comparable to
the other categories (Table 8).

10. Conclusions

This work presents an innovative technique that aims at predicting
the quality of a petroleum reservoir using Neural Networks analysis of
seismic, well logs and core data. A supervised Probabilistic Neural
Fig. 18. Reservoir quality distributed through Al-Ghani field with the Farrud reservoir
geobody outlined.
Network has been deployed to predict several reservoir properties,
one at a time, through training the PNN to determine the seismic attri-
butes that accurately represent the measured properties in well logs,
such as shale volume, porosity, permeability and water saturation. The
PNN model is accepted as a proxy for converting the seismic data into
a cube of the property of interest if the tested attributes reported a cor-
relation coefficient N0.83 at trainingwells. The training errors calculated
for all properties were typically b5%, except for the permeability predic-
tion that approached 10%. Prediction results compared at testing well
locations showed good correlation between predicted and measured
well properties with correlation coefficients between 0.70 and 0.75, ap-
proaching 0.80 in water saturation calculations. These predicted reser-
voir properties have been subsequently used by an unsupervised ANN
with theK-means ClusteringAlgorithm todetermine the reservoir qual-
ity throughout the area covered by seismic data. Four reservoir grades
(good, medium, poor and very poor) have been determined, and their
spatial distribution is displayed. The good reservoir category is charac-
terized by lowwater saturation and shale volumewithmoderate poros-
ity and permeability. These results are valuable for well placement that
not only maximizes reservoir profitability through the development of
field production schemes but also minimizes uncertainty in drilling,
production, injection and modeling processes.
11. Suggestions

Future work is expected to target testing of other artificial intelli-
gence algorithms to determine the algorithm(s) that work best to inte-
grate seismic and well log data sets. In addition, the applications of
supervised algorithms should be extended to classify the reservoir qual-
ity, and uncertainty analysis should be implemented to evaluate the res-
ervoir classification performance.
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