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In heterogeneous reservoir rocks, the accurate characterization of lithology and reservoir
parameters is significant to minimize drilling risks and to improve oil and gas recoveries. In
this work, a joint inversion strategy based on multilayer linear calculator (MLC) and particle
swarm optimization (PSO) algorithm was applied to predict the spatial variations of key
petrophysical (porosity, permeability, and saturation) and geomechanical parameters
(Young�s modulus, Poisson�s ratio, and brittleness) for inter-well regions. In this method,
acoustic impedance (AI) models are computed from post-stack seismic amplitude data by
applying the proposed strategy (MLC + PSO) and back propagation neural network-based
seismic inversion in the time domain with measured log density and velocity as constraints.
The obtained results reveal that the proposed strategy, which combines MLC and PSO, leads
to the optimization of lateral and vertical facies heterogeneities and accurate prediction of
reservoir parameter distribution, i.e., the low AI is related to sand facies and corresponds to
high porosity, permeability, saturation, and mid-range of Young�s modulus. The time slice
maps of inverted porosity and permeability at various time intervals indicate a reasonable
calibration with the measured core and well log data. The methodology proposed in this
study may be considered useful for other basins in Pakistan with similar geological settings
and anywhere in the world for reservoir characterization, particularly for intercalated shale
and variable depositional environments.

KEY WORDS: Reservoir characterization, Particle swarm optimization, Multilayer linear calculator,
Petrophysical modeling.

INTRODUCTION

In the past few decades, acoustic impedance
(AI) mapping obtained from the inversion of post-
stack seismic amplitude data has become a common
approach to predict spatial reservoir properties. The
inverted models of AI, i.e., P-impedance, S-im-
pedance, and density, can be further used for the
estimation of lithofacies, petrophysical, and elastic
parameters (Leiphart and Hart 2001; Walls et al.
2002; Pramanik et al. 2004; Calderon 2007; Singha
and Chatterjee 2014; Kumar et al. 2016). In the lit-
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erature, two broad seismic inversion categories have
been discussed: a) pre-stack seismic inversion (fluid
indicator) and b) post-stack seismic inversion (rock
indicator) (Ali et al. 2018). For a seismic inversion
specialist, the most important task includes pre-stack
seismic inversion and interpretation of AVO analy-
sis (i.e., seismic amplitude variations with offset).
From pre-stack data, the preserved angular infor-
mation is employed to predict lithological and fluid
properties with more reliability. The pre-stack data
can be instantly available because of easy access and
low time-consuming processing but difficult to ob-
tain in all fields. In recent years, a wide variety of
applications of post-stack seismic inversion algo-
rithms for conventional and unconventional reser-
voir parameter estimations has been reported in the
literature (Kumar et al. 2016; Chatterjee et al. 2016;
Golsanami et al. 2019). Seismic inversion is there-
fore used as one of the most predictive tools for
reservoir parameters and delineation of facies in oil
and gas explorations. Wells drilled in a field are
spaced more than hundreds to thousands of meters
apart; hence, seismic inversion can aid in predicting
important reservoir properties among the wells. The
integration of seismic and well data can therefore
significantly improve the distribution of reservoir
properties for the inter-well region. The ultimate
goal of seismic inversion is the transformation of
seismic reflection data into AI to aid in providing
information related to spatial reservoir properties,
such as porosity, permeability, saturation, Young�s
modulus, Poisson�s ratio, and brittleness index
(Russell 2004; Sancevero et al. 2005; Soubotcheva
2006; Das and Chatterjee 2018a, b; Gogoi and
Chatterjee 2019).

Mechanical factors are evaluated in a region
with high Young�s modulus, low Poisson�s ratio, and
abundant natural fractures (Rickman et al. 2008;
Aybar et al. 2015; Yasin et al. 2017, 2018; Das and
Chatterjee 2018a, b). The seismic-derived dynamic
Young�s modulus and Poisson�s ratio indicate the
lateral changes in elastic moduli and brittleness re-
lated to the wellbore stability analysis and fractured
zones (Charlez 1997; Rickman et al. 2008; Das and
Chatterjee 2018a, b).

In the last few decades, several methods and
algorithms have been developed for mapping the AI
from post-stack seismic amplitude data and further
linked to estimate the distribution of reservoir
properties in space (Russell 1988, 2004). At present,
the increase in computing power and the modern
assistance of acquisition, processing, and interpre-

tation of seismic data enable reservoir geophysicists
to focus on machine learning, i.e., AI extraction
using neural network algorithm (Walls et al. 2002;
Pramanik et al. 2004; Calderon 2007; Demuth et al.
2008). The main advantages of artificial neural net-
works over traditional statistical inversions are
briefly discussed as follows. (1) Artificial neural
networks have the ability to derive nonlinear rela-
tionships between target values and input data; (2) it
is less sensitive to noisy data; (3) there is no appre-
hension in using the underlying statistical distribu-
tion of input data. The neural network algorithms
can therefore be successfully applied to extract AI
and additional information on detailed reservoir
characterization from post-stack seismic inversion
(Hampson et al. 2001; Walls et al. 2002; Pramanik
et al. 2004; Calderon 2007; Golsanami et al. 2015).

The artificial neural network method, such as
the back propagation (BP) neural network, how-
ever, has a single network structure, resulting in
strong randomness and reduced nonlinear repre-
sentation ability (over fitting). Moreover, the genetic
algorithm does not have real global superiority
optimization that leads to the convergence of local
minimum and extreme randomness. To resolve the
foregoing nonlinear problems, Ding et al. recently
developed an improved multilayer linear calculator
(MLC) inversion model (unpublished work). In this
particular study, to optimize performance, the MLC
inversion model was used with the particle swarm
optimization (PSO) algorithm. Different from ge-
netic algorithms, the PSO has a more straightfor-
ward �velocity� equation by setting a series of
independent particles to search the designed space.
It is a new global optimization approach to afford
the advantages of strong robustness for local search
ability and good scalability, which can be realized
easily with fewer parameter adjustments (Singh and
Biswas 2016).

In the under-explored middle Indus basin, the
remaining potential gas reservoirs were evaluated
using current techniques, such as well logs, geologi-
cal modeling, and seismic data characterization
(Droz and Bellaiche 1991; Ali et al. 2018). In recent
years, Sheikh and Giao (2017) evaluated the middle
Indus basin as a shale gas potential in the deeper
Cretaceous sections (Appendix, Fig. 24). The Cre-
taceous sandstone of the Lower Goru Formation is
the main deposited reservoir. It is of heterogeneous
shallow marine origin from a proximal delta-front
environment and divided into A, B, C, and D sand
intervals (Quadri 1986; Ahmad et al. 2004).
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In the Lower Goru Formation, the discrimina-
tion between lateral and vertical facies hetero-
geneities and spatial distribution of reservoir
parameters is considered problematic. A recent
study performed by Ali et al. (2018) indicated that
model-based post-stack inversion can provide satis-
factory results for the spatial distribution of reser-
voir properties and demarcation of potential gas-
saturated zones in the C-sand interval of the Lower
Goru Formation. The model-based inversion algo-
rithm, however, was unable to capture the thin shale
layers and channel sandstone from shale in the C-
sand interval in the formation. Moreover, the lateral
and vertical facies heterogeneities and reservoir
parameter distribution were not calibrated with
measured data and signature analysis.

To solve the problems of facies heterogeneity,
clustering algorithms, such as self-organizing maps
(SOM) (Moqbel and Wang 2011; Kiaei et al. 2015),
have been employed in the Lower Goru Formation
to analyze the facies distribution using combined
facies discrimination logs. As demonstrated in the
previous work of the authors (Du et al. 2019), the
SOM has an effective performance on facies analysis
in a heterogeneous reservoir because it does not
have any difficulty in dealing with a broad range of
facies heterogeneity. The Gaussian-indicating algo-
rithm has been utilized then to perform the lateral
and vertical variation of SOM facies analysis.

The framework of this study is organized as
follows. (a) A detailed interpretation of three-di-
mensional (3D) seismic data was conducted to mark
the top and bottom horizons of the C-sand interval
of the Lower Goru Formation. Figure 1 shows a 3D
seismic cube covering the top and bottom horizons

of the target interval within a specified time window
(2100–2400 ms). (b) The synthetic seismogram was
calibrated with seismic data to locate and trace the
target reservoir interval. (c) Finally, the proposed
strategy (MLC + PSO) was applied to predict the
spatial distribution of AI and important reservoir
parameters for the inter-well regions.

The focus of this study was on the C-sand
interval of the Lower Goru Formation as the main
gas-producing reservoir in the middle Indus basin.
The inverted seismic porosity, permeability, satura-
tion, Young�s modulus, Poisson�s ratio, and BI
interpretations are extended, however, deeper into
the late Cretaceous Sembar Formation to evaluate
the shale gas potential (Appendix, Fig. 24). The
main objective, nevertheless, was to compare and
contrast the proposed strategy (MLC + PSO) with
BP neural network inversion algorithms and evalu-
ate the remaining potential of C-sand interval. Fur-
thermore, new information on the deeper horizon of
the Cretaceous Sembar shale was provided for the
unconventional play in the study area.

GEOLOGICAL MODELING
OF THE STUDY AREA

The Sawan gas field is one of the largest located
in the middle Indus basin, Pakistan (Appendix,
Fig. 24). The highest expected recovery of 1 tcf
(374.75 m3) from Sawan gas field ranks the middle
Indus basin among the main hydrocarbon-producing
basins in Pakistan (Berger et al. 2009; Ahmed et al.
2013). The minimal reservoir quality and dipping
structure are the leading causes of hydrocarbon

Figure 1. 3D seismic cube covering target horizons, including the inline and cross-line traces, within a specified time window

(2100–2400 ms).
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trapping mechanisms in this gas field (Quadri 1986).
Based on petrographical studies and well log eval-
uation, the regional geological model was prepared
to understand the sedimentary environment, facies
architecture, and stratigraphic sequences in the
study area (Fig. 2). According to the regional geo-
logical model, the stratigraphy sequence was iden-
tified from the deeper Chiltan limestones (exposed
or drilled) of the Jurassic, overlain by the Sember
and Lower Goru Formations of the Cretaceous, and
followed by rocks ranging in age up to the Quater-
nary. During the variable duration, a stratum ero-
sion was identified between the Chiltan limestones
and the lowermost Sembar and Lower Goru For-
mations. A time gap of approximately 30 million
years was present between the Sembar and the
Lower Goru Formation (Berger et al. 2009). In the
middle Indus basin, the organic-rich shales of Sem-
bar Formation act as a major source rock for sand-
stones of the Lower Goru Formation. The
sandstones of the Lower Goru Formation is divided
(from bottom to top) into A, B, and C intervals

(Berger et al. 2009). These reservoir sands are dip-
ping and prograding toward the east (Fig. 2). The
intended zone of interest, the C-sand interval, lies at
the shallow marine region of the depositional up-dip
low-stand wedge. The developed geological model
indicates that the heterogeneity in the lateral and
vertical facies distributions is significantly affected
by the variable depositional environment of the
Lower Goru Formation. The depositional environ-
ments of the Lower Goru Formations suggest deltaic
channels, prograding delta-distributaries, and delta-
front settings (Ashraf et al. 2018). In horizons A, B,
and C sand intervals are composed of coarsening-
upward shoreline packages, and dominant progrades
(Ashraf et al. 2018). Quartz is the major mineral
constituent present in the reservoir interval with
minimal amounts of feldspar grains (orthoclase,
microcline, and plagioclase), igneous rock fragments
(volcanic glass, accessory mineral, tourmaline, and
monazite), chlorites, and micas (Berger et al. 2009;
Yasin et al. 2019). Micas, which are also present
within the delta sequences, represent the deposition

Figure 2. Regional geological model indicating stratigraphic sequences and facies architecture in study area (Milan and Rodgers

1993; Khan et al. 1999).
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in the inter-fingering of the prograding distributary
channels into the distributary mouth bars. This could
be correlated with the depositional setting in the
coarsening-upward trend of delta front. The sedi-
ments deposited above the 3340-m depth, as defined
by the gamma-ray log signature, suggest a possible
shallow marine origin of the proximal delta-front
setting (Fig. 5).

The stratigraphic analysis performed in previ-
ous studies (Yasin et al. 2019) indicates that the C-
sand interval thickness varies from 90 to more than
100 m, whereas that of clean sandstone is 67–
82.25 m. The high frequency of thick sandstone beds
from 3250 to 3330 m in Well-A and from 3270 to
3340 m in Well-C and Well-D represent the pro-
grading delta associated with the fall of sea level.
The overall thickness of the sandstone layer de-
creases from the northeast (NE) toward the south-
west (SW). These sandstone layers therefore have a
significant gas potential in the reservoir interval. In
particular, at the bottom of the reservoir interval,
the percentage of marine shale and lime mud silt-
stone/claystone suggests a lower shoreface com-
pared with the offshore fine sediments along the
basin-ward depositional environment. These shale,
silts, and tight sands at the bottom of the reservoir
interval can act as unconventional play (Ashraf et al.
2018).

WELL LOG AND SEISMIC DATASETS

In this study, log data from five production
wells, A, B, C, D, and E were used for the estimation
of petrophysical and geomechanical properties in
the C-sand interval. Gamma ray (GR), spontaneous
potential (SP), calliper, deep resistivity (LLD), P
and S wave sonic (DTP and DTS), density (RHOB),
and neutron porosity (NPHI) logs were analyzed to
detect new hydrocarbon-bearing zones and reservoir
modeling from the five wells. In the literature, 237
core samples from the C-sand interval of the Lower
Goru Formation were available for calibrating the
estimation of permeability and porosity (Table 1).
3D seismic data covering approximately 200 km2

were also available. The two horizons, top and bot-
tom of the C-sand interval, were interpreted on
these seismic data.

POST-STACK SEISMIC INVERSION:
METHODOLOGY

Estimation of Reservoir Parameters

The initial phase in the context of this work
involves the estimation of petrophysical and
geomechanical parameters to identify the unex-
plored hydrocarbon-bearing zones in the reservoir
interval. The subsequent equations were employed
to estimate the effective porosity, permeability,
hydrocarbon saturation, Young�s modulus, Poisson�s
ratio, and brittleness index (BI). The results are
compared with laboratory-measured porosity and
permeability data, as summarized in Table 1.

The shale volume (Vsh) is estimated from the
GR log using Eq. 1:

Vsh ¼ GRlog �GRmin

GRmax �GRmin
ð1Þ

where GRlog, GRmin, and GRmax are the gamma-ray
log reading in the zone of interest, 100% clean sand,
and 100% shale, respectively, (API units).

Table 1. Routine core analysis data of permeability and porosity

in Well-C and Well-B, respectively

Depth (m) Permeability (mD) Porosity (%)

3269 1507.53 24.58

3272 1842.84 24.75

3274 5726.47 27.61

3277 3911.47 28.78

3279 2508.36 27.96

3280 681.75 29.44

3282 2389.74 26.62

3284 9894.10 31.43

3285 5132.04 29.32

3287 6574.01 30.99

3288 3860.73 29.72

3290 956.70 29.57

3293 9522.14 30.87

3301 1539.83 22.34

3312 858.14 22.49

3321 140.58 27.44

3325 50.21 22.50

3331 0.02 6.58

3335 0.05 11.90

3338 0.22 14.83

3395 1134.00 25.65

3407 230.45 25.01

3423 649.10 25.14

3447 7.66 14.38
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The total porosity is estimated using the density
log in Eq. 2:

u ¼ qma � qb
qma � qf

ð2Þ

where qma and qf are the matrix density and fluid
density, respectively.

The effective porosity (/eff) was estimated
using the shale volume (Vsh) and total porosity (/)
from Eqs. 1 and 2.

/eff ¼ /D 1� Vshð Þ ð3Þ
Using Eqs. 1, 2, and 3, the water saturation

(SW) can be calculated using the Poupon–Leveaux
Indonesian model:

Sw ¼ V2�Vsh
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Sh ¼ 1� Sw ð5Þ

where Rt is the true resistivity of the formation ob-
tained from the LLD log response; Rsh is the resis-
tivity of shale (4 Xm); Rw is the resistivity of water
formation (0.5 Xm).

The permeability of the C-sand interval was
estimated based on the previous work of the authors
(Yasin et al. 2019) that combines the neural network
with multiple regression to predict accurate perme-
ability values. This approach was also applied in this
work. The proposed equation is as follows.

Young�s modulus (Ed), in GPa, and Poisson�s
ratio (md) are estimated using shear (VS) and com-
pressional (VP) wave velocity and bulk density (qb)
(Mavko et al. 2009).

Ed ¼ qbV
2
s

3V2
p � 4V2

s

V2
p � V2

s

 !
� 10�6 ð7Þ

td ¼ 1

2

V2
s � 2V2
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V2
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p

 !
ð8Þ

The bulk modulus (K) can be calculated by an
empirical relationship that uses dynamic Ed and d

(Archer and Rasouli 2012).

K ¼ Ed

3 1� 2tdð Þ ð9Þ

The shear modulus (G) is estimated using qb
and VS (Mavko et al. 2009).

G ¼ qbV
2
s ð10Þ

Rickman et al. (2008) derived a formula for
estimating BI (Brittleness Index):

EBrittleness ¼
E� Emin

Emax � Emin
ð11Þ

tBrittleness ¼
t� tmin

tmax � tmin
ð12Þ

Brittleness Index ¼ Ebrittleness � tbrittleness
2

ð13Þ

where Ebrittleness= brittleness from Ed, Emax = Ed

(maximum), and Emin = Ed (minimum); mbrittle-
ness = brittleness from md, mmax = md (maximum), and
mmin = md (minimum).

Multilayer Linear Calculator Inversion Model

The MLC inversion model is composed of
multiple linear calculators and domain gates that can
divide a complex function into simple linear ones

with the domain gate controlling the output weight
of each layer. Specifically, a function in one dimen-
sion can be divided into several linear segments,
whereas a two-dimensional function can be divided
into a number of facets with this calculator. Based
on the linear segmentation approximation, the
nonlinear inversion problem is converted to estimate
the weights of several linear calculators.

Suppose that y* is a set of reservoir parameters
calculated from the numerical models in the reser-
voir interval obtained by applying Eqs. 2–6 and 12–
13, and suppose that x is the collection of seismic

Estimated Permeability ¼ 10�2:6þ0:027�GRþ4�Log LLDð Þ�0:38�RHOB�11:09�NPHI ð6Þ
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records. The two parameters are connected by the
projection operator, X.

A� ¼ ðBÞ ð14Þ
The relationship X between the two variables (x

and y*) is injective and nonlinear. For the minimum
expected risk, an optimum response function could
be found

/ Bð Þ ¼
Xm
i¼1

ðAiðBÞ �A�
i ðBÞÞ

2 ð15Þ

where /(x) is the objective function or adaptive
value; m is the number of target; yi(x) is the value of
the learning data, x, with MLC; y�i xð Þ is the real
corresponding value of the learning data.

The MLC is an operator of a single input-de-
sired output with n corresponding to the length of
seismic data. In this inversion model, the input
sample (x) is weighted-stacked and added to bias b,
as shown in Eq. 16.

A ¼ f
Xn
i¼0

Biwi þ b

 !
ð16Þ

where f in the formula is an activation function that
represents the designed domain gates and it can be
calculated using Eq. 17:

f ¼ 1

1þ
Pl

i¼1 exp �
Pn

i¼0 Biwi þ b
� � ð17Þ

where �l� is the number of linear calculators.

The weight of each MLC inversion model,
which includes the bias, was determined by the PSO
algorithm (Parsopoulos and Vrahatis 2004). The
relationship between the MLC and PSO algorithm is
presented in Figure 3.

For an input learning value, x (seismic wave-
form), the MLC inversion model can first be utilized
to calculate the output, y. In order to satisfy the
nonlinear projection relationship with real y*
(reservoir parameters from well logs), the PSO
algorithm was employed to optimize the MLC
inversion model and calculate the appropriate
weight. Stable prediction results with the appropri-
ate weight can thereafter be obtained.

PSO Algorithm

The PSO is a new global convergence algorithm
that is used to provide excellent convergence rates
for different optimization problems. In this study,
the PSO was combined with the MLC inversion for
conjunctive inversion of seismic data. First, model
parameterization (i.e., number of arc-tangent nodes
and layers, the number of individuals (or particles),
search limits for each component, and stopping cri-
teria) was determined.

Suppose that the PSO consists of M particles
with D dimension; the parameters for every particle
at each moment are denoted as follows.

The particle location is represented by

Xt
i ¼ Xt

i1;X
t
i2; . . . ;X

t
id

� �T
, Xt

id 2 Ld;Ud½ �, where Ud

Figure 3. Multilayer linear calculator and particle swarm optimization algorithms inversion scheme.
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and Ld are the upper and lower limits of search
space, respectively.

The velocity is Vt
i ¼ Vt

i1;V
t
i2; . . . ;V

t
id

� �T
and

Vt
id 2 Vmin;d;Vmax;d

� �
, where Vmax,d and Vmin,d de-

note the maximum and minimum velocities,
respectively. The ranges of parameters i and d are
1 £ d £ D, 1 £ i £ M.

The individual optimal position is labeled as

pti ¼ pti1; p
t
i2; . . . ; p

t
iD

� �T
, and the global optimal posi-

tions, ptg ¼ ptg1; p
t
g2; . . . ; p

t
gD

� 	T
, are the positions of

the particle swarm after the update of each iteration.
The parameters at time t + 1 can be computed by
Eqs. 18 and 19:

Vtþ1
id ¼ xVt

id þ c1r
t
1 Pt

id �Xt
id

� �
þ c2r

t
2 Pt

gd �Xt
gd

� 	
ð18Þ

Xtþ1
id ¼ Xt

id þ Vtþ1
id ð19Þ

where c1 and c2 are the learning factors that control
the relative proportion of cognition and social
interaction; x is the inertia weight used as a memory
of previous velocities that can balance the effects
between global search and local search.

For the implementation, l = 5, particle num-
ber = 100, learning factors c1 = c2 = 2, inertia
weight x = 1, lower limit Ld= �3, and upper limit
Ud= 3. The maximum velocity was Vmax = 0.08, the
number of iterations was Tmax = 200, and precision
was = e = 0.1. With a calculation precision of 89%
and computation time of 5 min, these parameters
are proved efficient for convergence.

The workflow for predicting reservoir parame-
ters using MLC and PSO inversion algorithms is
described as follows.

1. The learning seismic data that contain well
information are arranged and labeled as
x = (x1, x2, x3, …, xn); the PSO was com-
posed of all samples of the seismic data. The
corresponding reservoir parameters from
well logs calculated according to the Eqs. 2–
6, and 12–13 are labeled as y*.

2. The search space parameters, including the
minimum velocity (Vmin) and maximum
velocity (Vmax), learning factors c1 and c2,
maximum iteration number (Tmax), highest
convergence precision (e), weight (x), and
individual and global optimal positions are
artificially set. The location parameters (xi)

and velocity (Vi) are randomly initialized
through the seismic data of nearby wells
according to Eqs. 18 and 19.

3. The MLC was employed to match the target
reservoir parameters. In particular, the
location parameters (all samples of seismic
data) were estimated by Eq. 16, and the
output was labeled as y.

4. The parameters (output y calculated in step 3
and measured data, y*) are substituted into
the optimum response function, Eq. 5.

5. According to the minimum principle of the
objective function, the location and individ-
ual optimum parameters (Xi and pi, respec-
tively) are first updated, followed by the
global optimum, pg. If the global optimal
value (gbest) matches the highest precision, e,
then the iteration will be terminated; other-
wise, iteration continues.

6. The conditions of iteration are examined.
The calculation will be terminated if Tmax is
smaller than the current iteration number;
the result is the current global optimum.
Otherwise, revert to step 3.

RESULTS AND DISCUSSION

Petrophysics

As previously discussed, the first stage of
reservoir characterization is the transfer of the raw
data, which include wellbore information and reli-
able petrophysical properties to identify the hydro-
carbon-bearing zones in the reservoir interval.
Figure 4 shows the well correlation, indicating the
facies distribution within the C-sand interval using
the GR log from the wells under study. In the upper
part of the reservoir, the GR values were in the
range 45–80 API with sandstone as the dominant
lithology. In contrast, the high GR values in the
lower part indicate that shale is the dominant
lithology. Several thin sand–shale layers can also be
observed in the whole reservoir interval. The dis-
continuity in the reservoir lithofacies toward Well-E
is caused by the anticipated heterogeneities and
complexities in the region (Ashraf et al. 2018). The
moderate-to-high GR values in Well-B indicate
shaley sandstone to shale lithofacies.

Figure 5 shows the interpreted profiles of the
reservoir interval, including porosity, permeability,
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gas content, Young�s modulus, Poisson�s ratio, and
brittleness index (BI) for the five wells in the Sawan
area.

In Well-C (Fig. 5), the routine core analysis
data of 237 samples were used to assess the level of
correlation between estimated and measured
petrophysical properties. The correlation coefficient
between measured and estimated permeabilities
(Eq. 6) is high, i.e., R2 = 0.97 (Appendix, Fig. 25).
As shown in track-2 of Well-C, a good agreement
between measured and estimated permeabilities was
observed from the top to the 3280-m interval; how-
ever, the permeability significantly varies at the
bottom because of the extreme heterogeneity in the
facies. The estimated porosity in Well-C (track 3)
agreed well with measured porosity data throughout
the interval, implying that compared with perme-
ability, the porosity was less sensitive to hetero-
geneity.

In Well-B, the hydrocarbon saturation was high
(up to 60%) from the top to the 3304-m deep
interval. Along the reservoir sections at depths in
the range 3304–3355 m, the values of hydrocarbon
saturation, porosity, and permeability zones were
low. It should be noted that there was an abrupt
change in the hydrocarbon saturation below the
3355-m depth. The low value of hydrocarbon satu-

ration in the depth range 3304–3355 m is caused by
several sandy shale and shale layers present in this
interval (Fig. 4). It is important to note that a good
correlation exists between the estimated and mea-
sured petrophysical properties (tracks 2 and 3). The
elastic moduli, Young�s modulus, shear modulus,
and bulk modulus were consistent: They decrease
with the increase in porosity and permeability (track
4).

In Well-A, the average value of hydrocarbon
saturation was 30% from the top to the bottom of
the reservoir interval. The dominant lithologies in
Well-A are shaley sandstone and sandstone facies,
which are more related to the moderate-to-high
permeability and porosity. Note that the porosity
and permeability trends were inconsistent through-
out the reservoir interval, indicating significant
heterogeneities in Well-A. The elastic moduli in the
upper part of the reservoir interval were relatively
low but gradually increased with depth. The low
values of Young�s, shear, and bulk moduli are caused
by the high shaley content. The elastic moduli and
saturation has a reverse correlation, i.e., the increase
in saturation causes the decrease in elastic moduli.

In Well-D, permeability and porosity followed
the same trends but gradually decreased with de-
crease in sandy layers and increased in shale litho-

Figure 4. Cross section of well correlation indicating vertical variation in lithofacies and generalized lithology of studied

formation.
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facies, i.e., at 3340–3364 m. The hydrocarbon satu-
ration, permeability, and porosity were high. The
elastic moduli were relatively consistent but high at
the bottom of the reservoir interval. Along with the
sandy content, the elastic moduli were high but low
in the shaley zone of 3340–3368 m (track 5). There
are higher hydrocarbon saturations at the 3290–

3310 m depth; however, they considerably vary from
3310 to 3364 m because of sand–shale intercalations.

The interpretation of petrophysical analysis
shows the heterogeneities and complexities in the
region. Moreover, extensive characterization is sig-
nificant to reduce drilling risks and to improve oil
and gas recoveries.

Figure 5. Interpreted log responses indicating hydrocarbon-bearing zones in C-sand interval with permeability (track 2),

effective and total porosity (track 3), hydrocarbon and water saturation (track 4), geomechanical properties (track 5),

Poisson�s ratio, and brittleness index (track 6) in Well-A, Well-B, Well-C, and Well-D.
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Facies Analysis and Modeling

As earlier mentioned, the Lower Goru Forma-
tion has a variable depositional environment. The
SOM methodology was used in this work to identify
the electro-facies (EF) from well log data. The ap-
proach proceeded as follows: the combination of
facies discrimination logs (i.e., RHOB, NPHI, GR,
and photoelectric effect (PEF)) was employed to
identify the �k� clusters of well log responses with
similar characteristics (Fig. 6). Each cluster was la-
beled with a specific �EF� identification. Four EF

were identified in the target interval and classified
into four lithofacies based on field reports, core data,
and pattern recognition and classification of gamma-
ray log response: EF4 = shale lithofacies,
EF3 = sandstone with subordinate shale,
EF2 = shaley sandstone lithofacies, and
EF1 = sandstone lithofacies (hydrocarbon effect). A
complete description of lithology, facies element,
and ranges of reservoir properties based on EF in
the target interval is summarized in Table 2.

To evaluate the performance of identified EF
with measured laboratory data, the confusion matrix

Figure 6. Plot of SOM clustering and discrimination of four electro-facies (EF) in (a) NPHI vs. RHOB,

(b) GR vs. RHOB, (c) GR vs. NPHI, and (d) PEF vs. RHOB cross-plots.
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for each distinct EF class zone was developed, as
summarized in Table 3. It is shown that the pre-
dicted EF retains a reasonably good correlation with
the interpretation of core data, signature analysis,
and published data (Berger et al. 2009; Du et al.
2019). It should be noted, however, that the resolu-
tion of the log scale was considerably less than the
interpretation of core data for identifying thin shale
layers. The classification performances for each EF
class zone from the confusion matrix exhibit an
accuracy of approximately 62%. Among all four
EFs, it should be noted that EF4 achieves the best
classification results against core data and signature
analysis.

The lateral distribution of lithofacies identified
from SOM clustering was further performed using
the Gaussian-indicating algorithm to spread spatially
discrete data. To display the lateral and vertical
distributions of facies in the study area, Figure 7
shows the cross-sectional analysis passing through
five wells. In cross sections 1 and 2, the vertical
proportion curves exhibit a thicker and higher pro-
portion of shaley sandstone and sandstone lithofa-

cies; however, these gradually convert to shale
lithofacies along zones 3–5. In cross section 3, the
proportion of shaley sandstone was higher than
sandstone lithofacies. Gradually, however, they
change to shale and sandstone lithofacies. In cross
section 4, the facies proportion exhibits equal
amounts of sandstone, shaley sandstone, and shale
lithofacies. These vary from the lithofacies of com-
plex depositional setting in the marginal marine to
that of the shallow marine environment.

A 3D facies distribution map across the study
area reveals a high percentage of shaley sandstone
and sandstone facies with a significant amount of
shale (Fig. 7b).

The reliability of models based on the Gaus-
sian-indicating simulation algorithm was verified by
investigating the goodness of fit among different
facies trends from SOM clustering, up-scaled, and
modeled facies. From the cumulative data analysis
of facies modeling, the estimated and up-scaled fa-
cies information shows good agreement.

Seismic Inversion

The prior steps adopted in this work for seismic
inversion involve well–seismic ties, wavelet extrac-
tions, and generation of synthetic seismograms. The
wavelet estimated from the measured sonic and
density log was convolved with the reflectivity series
to generate a synthetic seismogram for correlation
with seismic traces (Fig. 8). The extracted wavelet
that covers the target horizons within a specified
time window (2100–2400 ms) was used in the AI
inversion. The MLC + PSO and BP neural network
inversion algorithms were employed for the seismic

Table 2. Descriptions of lithology, facies element, and ranges of reservoir properties based on electro-facies (EF) of Well-C

Depth (m) interval Lithofacies Deposition environment EF coding POR (Dec) Clay (Dec) GR (API)

3268–3305

Z-1

Coarse-grained sand Deltaic distributary channel EF1 0.14–0.33 0.00–0.10 0–60

3305–3310

Z-2

Sandstone with subordinate shale Shore face EF2 0.12–0.21 0.10–0.30 60–100

3310–3339

Z-3

Coarse-grained sand Deltaic distributary channel EF1 0.16–0.31 0.00–0.20 0–60

3339–3351

Z-4

Sand-shale intercalation Outer shelf EF3 0.02–0.14 0.10–0.40 55+

3351–3359

Z-5

Shale Tidal EF4 0.02–0.12 0.10–0.30 60-100

POR porosity, Clay clay mineralogy

Table 3. Performance of SOM facies analysis from confusion

matrix

Predicted True EF1 True EF2 True EF3 True EF4

EF1 43 0 0 9

EF2 0 0 27 26

EF3 53 0 82 161

EF4 0 0 4 332

Total 96 0 113 528

The last row (in red) indicates the total number of electro-facies

(EF), and the values in the diagonal (in green) are the number of

electro-facies (EF) classified correctly by the SOM

3302 Yasin, Sohail, Ding, Ismail, and Du



data of the Sawan area. The obtained results from
both methods are discussed as follows.

MLC + PSO Inversion Strategy

Figure 9 shows the results when the MLC +
PSO inversion strategy was applied to the inter-
preted 3D seismic volume. It has been demonstrated
that the MLC + PSO inversion strategy can effi-
ciently capture the lateral variations in AI with a
high resolution (arrow). The combination of MLC
and PSO can establish not only the nonlinear pro-
jection relationship between the log-derived AI and
seismic waveform, but also calculate the appropriate
weights to achieve a more stable prediction. The
zone of interest, i.e., the C-sand interval, was in the

range 2100–2250 ms. The AIs vary from 7000 to
7500 (g/cc) 9 (m/s), from 8500 to 9500 (g/cc) 9 (m/
s), and from 10,500 to 13,500 (g/cc) 9 (m/s), corre-
sponding to sandstone, sandstone with subordinate
shale, and shale lithofacies, respectively. Note that
the variation in AI is associated with the changes in
facies distribution, i.e., the time interval with low AI
(7500–8500 (m/s) 9 (g/cc)), corresponding to sand
layers and indicating a possible gas-saturated zone
(shown with arrow) (Ali et al. 2018). The overlying
stratum with high impedance values (10,500–13,500
(m/s) 9 (g/cc)) that exceed 2100 ms is probably a
good sealing unit for a potential reservoir. It should
be noted that the thin shale layers and sand–shale
intercalation present within the reservoir interval
are better resolved by the MLC + PSO inversion
strategy (shown with arrow). Although a complex

Figure 7. (a) cross-sectional analysis of facies distribution; (b) 3D facies model of study area.

Figure 8. Generation of synthetic seismogram using data of Well-A. The synthetic and extracted seismic traces at the well

location are shown in blue and red, respectively.
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and nonlinear relationship exists between the thinly
layered media and seismic waveforms, the MLC
establishes a nonlinear projection relationship to
capture the thinly layered media from the seismic
waveform. The facies probability analysis exhibits
good correlation between sandstone and shale
lithofacies with low and high AIs. The AI signifi-
cantly varies depending on the lithology variation in

each zone. The MLC + PSO inversion strategy was
used to constrain the spatial distribution of reservoir
parameters because it has a good calibration.

Furthermore, the zone between 2250 and
2300 ms has a low impedance (7000–9000 (m/s) (g/
cc)), indicating a possible gas-saturated but unex-
plored zone. A favorable distribution of medium
and high impedance layers was less than 2300 ms;

Figure 9. Inverted AI for inline 932 using MLC + PSO inversion. The impedance logs of Well-A, Well-C, and Well-D exhibit

good matching and high resolution with the inverted impedance surface (2100–2250 ms).

Figure 10. Inverted AI for inline 932 using BP neural network seismic inversion. The impedance logs of Well-A, Well-C, and

Well-D do not agree well with the inverted impedance surface (2100–2250 ms).
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these layers are probably of Sembar shales, which
could be considered as an unconventional perspec-
tive that requires further investigation with other
factors, such as the TOC.

BP Neural Network Seismic Inversion

To illustrate the benefits of the proposed strat-
egy, the inverted AI was estimated on a 3D seismic
cube using the BP neural network, as shown in
Figure 10. According to the inverted AI profile, the
lateral and vertical AI variations from the BP neural
network exhibit low resolution and inadequate per-
formance in the discontinuity of the seismic event
and the unclear boundary of the inverted AI.
Unfortunately, the random weights in the BP neural
network initialization have led to the convergence of
the local minimum and extreme randomness. Fur-
thermore, the selection, crossover, and mutation
operators generated by the BP neural network are
inefficient to optimize the inversion results. The in-
verted AI from the BP neural network was not
sufficient to capture the small lithological variations,
i.e., thin shale beds (arrow), because of random
weights. The overall lateral and vertical variation
resolutions of impedance estimated by the BP neural
network were inadequate, thus resulting in the dis-
continuity of seismic event (arrows).

The post-stack seismic inversion analysis plot
for Well-A, Well-C, and Well-D indicate a reason-
ably good agreement between the inverted (red line)
and computed AIs (blue line) within the calculation
window (Fig. 11). The overall correlation coeffi-

cients between the inverted and computed values
are 0.90, 0.87, and 0.97 in Well-A, Well-C, and Well-
D, respectively. These high correlation coefficients
show that the calibration between inverted seismic
data and well log AI verifies the reliability and
accuracy of the proposed approach.

The application of the MLC + PSO to a 3D
seismic cube provides a reasonably good estimation
of AI and it may be linked to the provision of further
information for detailed reservoir characterization.
As an optimized method, the BP neural network
seismic inversion algorithm captures the lithological
variations in the best possible approach. It has,
however, yielded low resolutions and failed to cap-
ture thin shale layers because of inefficient selection,
crossover, and mutation operators. In contrast, the
MLC + PSO method was more capable of capturing
the thin shale beds and sand–shale intercalation
within and below the reservoir interval because of its
nonlinear projection relationship with appropriate
weights. Moreover, the spatial variations of AI in
the MLC + PSO inversion strategy provide high
resolution and good agreement with well data
compared with the BP neural network seismic
inversion algorithm.

ESTIMATION OF RESERVOIR
PARAMETERS

To establish the relationship between AI,
porosity, permeability, and hydrocarbon saturation,
a cross-plotting between porosity, permeability, and
AI with hydrocarbon saturation (Sat. HC) was

Figure 11. Analysis plots for comparison of original logs (blue) and inverted results (red) at Well-A, Well-C, and Well-D;

(a) MLC + PSO inversion method; (b) BP neural network seismic inversion.
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generated as a third parameter (Fig. 12a and b). Ali
et al. (2018) reported that the AI and log porosity
assume a linear approximation. A linear regression
analysis was therefore employed in this study, and a
best fit regression was achieved. Figure 12 shows the
increase in porosity, permeability, and hydrocarbon
saturation with the decrease in AI. It was observed
that a linear relationship between porosity, perme-
ability, and hydrocarbon saturation vs. AI has a
negative slope. The regression equations obtained
from these cross-plots are used to transform the AI
inversion into reservoir parameters.

Seismic Porosity vs. Well Porosity

The inverted porosity models exhibit a good
reservoir porosity of up to 24% along with the low
impedance values of Well-A, Well-C, and Well-D at
2150–2170 ms (Z-1 and Z-3). The porosity varies
from a minimum of 14% (Well-A) to a maximum of
24% (Well-C and Well-D) with an average of
18% (Fig. 13). The dominant lithology in this zone

was sandstone (Table 2). The porosity increases
along the NE to SW direction, and a highly porous
reservoir exists between Well-A, Well-C, and Well-
D (shown with arrow). The shale distribution in the
reservoir interval was one of the factors that control
the reservoir potential. It was shown that porosity
drastically decreased (< 0.10) at the bottom (2170–
2220 ms) when shale and sandy shale facies were
predominant (Table 2, Z-5), corresponding to high
AI values (10,500–14,000 (m/s) 9 (g/cc)).

The zone below 2250 ms also has a low im-
pedance (7000–9000 (m/s) 9 (g/cc)) and good
porosity values (> 10%). The low impedance and
higher porosity in this zone could potentially form
the best reservoir (marked with arrow).

It was observed that the zone below 2300 ms
has a good porosity range with medium-to-high im-
pedance layers characterized by shale and shaley
sand facies. This zone could be further investigated
as unconventional play with other considerable fac-
tors, such as permeability, saturation, and elastic
parameters (shown with white circles).

Figure 12. Cross-plots of impedance (AI) (a) vs. porosity (PHID)

with a color bar representing hydrocarbon saturation (Sat. HC) and

(b) vs. permeability (PERM) with a color bar representing PHID.
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Figure 13. Seismic porosity obtained by MLC + PSO inversion in C-sand interval at 2100–2250 ms.

Figure 14. Porosity model populated from porosity logs using SGS algorithm in C-sand interval at 3260–3360 m.

Figure 15. Inverted permeability map of seismic section of Sawan area. The MLC + PSO inversion provides insight on the spatial

variability of seismic permeability.
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To ensure the reliability of MLC + PSO inver-
sion results, the inverted porosity from seismic
inversion was compared with the porosity model
computed from porosity logs using the sequential
Gaussian simulation (SGS) algorithm (Fig. 14).
Note that the comparison indicates a uniformity
between the two porosity models as constrained by
the MLC + PSO inversion and SGS algorithm
(shown with arrow). Nevertheless, the porosity
model constrained by MLC + PSO inversion pro-
vides insight on the spatial distribution of porosity
values (0.04–0.24) within the Sawan area.

Inverted Permeability Model

The inverted permeability models also exhibit
good reservoir permeability, low impedance, and
high porosity values laterally and vertically around
Well-A, Well-C, and Well-D (Fig. 15). A significant
inverse correlation obtained from the cross-plotting
of AI and permeability logs suggests that the AI
inversion is the key to predict permeability (Fig. 12).

The higher permeability sandstone facies ob-
served at 2150–2170 ms (Z-1 and Z-3) was corre-
lated with low AI values (7500–9500 (m/s) 9 (g/cc)).
On the other hand, the lower permeability shaley
sand facies observed at 2170–2220 ms corresponds
to high AI values (10,500–14,000 (m/s) 9 (g/cc)).
This implies that the higher permeability in the
reservoir interval potentially forms the best reser-
voir laterally from NE to SW (Fig. 15).

The zone below 2250 ms also has a low im-
pedance (7000–9000 (m/s) 9 (g/cc)) and good
porosity values (> 20%). These low impedance and
high porosity values at this particular zone indicate a
gas-saturated anomaly, which can be considered as
the best reservoir (marked with an arrow). More-
over, the zone below 2300 ms exhibits low perme-
ability and a porosity that is less than 20% with a
medium-to-high impedance. This implies that this
zone should be investigated further for unconven-
tional play (shown with white circle).

Integrated Petrophysical Data Interpretation

To comprehend the spatial changes in the
reservoir interval, time slices of porosity and per-
meability at a 50-ms time interval are generated
using the MLC + PSO inversion method, as shown
in Figure 16. According to the time slices of inver-
sion results, Z-1 and Z-3 exhibit high porosity and
permeability, thus significantly boosting the cre-
dence to delineate the potential reservoir. The
porosity and permeability of Z-1 and Z-3 are at-
tributed to sandstone lithofacies (EF1) of coarse-
grained sand deposits at the deltaic distributary
channel (Table 2). The laboratory-measured poros-
ity and permeability data in Well-C and Well-B also
support the inverted results, i.e., the upper zone
(3200–3260 m) has high porosity and permeability
(Table 1). Compared with Z-1 and Z-3, Z-2 exhibits
a lower porosity and permeability. This zone was
characterized by a medium-to-high impedance and it
corresponds to sandstone with subordinate shale,
i.e., EF2 (Table 2). The measured data in Well-C
and Well-B also indicate low porosity and perme-
ability (Table 1). Zones Z-4 and Z-5 also exhibit a
relatively good porosity and permeability; however,
there was no well control up to these particular
zones.

Accordingly, the MLC + PSO inversion strat-
egy has achieved good contrast in the lateral trend of
porosity and permeability at various time intervals
that can be directly utilized to define the threshold in
each potential zone.

Inverted Hydrocarbon Saturation Model

Porosity and hydrocarbon saturation are di-
rectly correlated because of their linear and positive
trends. In view of this, the direct estimation of
hydrocarbon saturation from seismic inversion can
be implemented using AI, porosity, and hydrocar-
bon saturation cross-plots (Fig. 12). The spatial dis-
tribution of inverted hydrocarbon accumulation in
the Sawan area is shown in Figure 17.

An inversion profile in the (2150–2170)-ms time
interval (Z-1 and Z-3) also delineates the good
potential of hydrocarbon saturation and low im-
pedance (7500–9500 (m/s) 9 (g/cc)) and highly
porous and permeable layers. The hydrocarbon
saturation varies from NE (Well-C and Well-D) to
SW (Well-A), and an average saturation of
approximately 45% was identified in the study area.

bFigure 16. Time slices of porosity and permeability at various

intervals using MLC + PSO inversion method. (a and b) at

2100 ms; (c and d) at 2150 ms; (e and f) at 2200 ms; (g and h) at

2250 ms; (i and j) at 2300 ms.
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At the bottom of the reservoir interval (Z-5), the
low hydrocarbon saturation and high impedance
(10,500–14,000 (m/s) 9 (g/cc)) are caused by the
change in sand–shale facies present in this zone. The
calibrations of hydrocarbon saturation from the well
logs and inversion profile exhibit good agreement.

It should be noted that a good anomaly of
hydrocarbon saturation exists below the 2260-ms
interval, and further investigation was necessary to
explore the potential zone (indicated by arrows).
The summary of inverted petrophysical parameter
analysis shows that zones 1, 3, and 4 potentially form
the best reservoir laterally and vertically from NE to
SW.

Figure 18 shows the 3D models of hydrocarbon
saturation obtained by the BP neural network
inversion (Fig. 18a) and MLC + PSO inversion
(Fig. 18b). It should be noted that the MLC + PSO
inversion was more capable than the BP neural
network inversion in predicting vertically and hori-
zontally the hydrocarbon saturation to build a high-
resolution 3D model in a complete seismic volume.
It is notable that the MLC + PSO inversion suc-
cessfully captures the variations in vertical satura-

tion because of the alternate sand and shaley sand
layers.

Figure 19 briefly explains the values in the his-
togram of corresponding petrophysical properties.
As previously mentioned, the dominant lithology in
the target interval was sandstone and shaley sand-
stone with intercalations of shale. As a result, good-
to-excellent total and effective porosities were
developed in the study area with average values of
14% and 11%, respectively. The estimated perme-
ability was in the range 0.001–1000 mD. The
hydrocarbon saturation reaches a high of 80% in the
range 0.08–0.8 (with an average of 0.60).

Inverted Models of Young�s Modulus and Poisson�s
Ratio

Figure 20 shows significant variations in
Young�s modulus and Poisson�s ratio in the range
22–46 MPa and 0.20–0.25, respectively. These vari-
ations are expected because of abrupt changes in
lithology, porosity, permeability, and fluid content in
the reservoir interval. The examination of variations
in Young�s modulus and Poisson�s ratio with low AI

Figure 17. Inverted HC saturation map for seismic section of Sawan area. The MLC + PSO inversion exhibits a good calibration

of the spatial variability of saturated HC from the inversion profile and well logs.

Figure 18. Hydrocarbon saturation model obtained by (a) BP neural network-based inversion and (b) MLC + PSO inversion

strategy at 2150 ms.
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(7500–9500 (m/s) 9 (g/cc)), high porosity (> 20%),
permeability (> 1000 mD), and saturation (> 60%)
can aid in identifying the suitable areas for drilling
wells. The analysis of Young�s modulus and Pois-
son�s ratio with petrophysical properties could be
effective in drilling inclined wells and avoiding areas
with potential wellbore stability problems.

It is noteworthy that the areas where Poisson�s
ratio was low and Young�s modulus was high are
confined below 2300 ms. More importantly, the
petrophysical properties (i.e., permeability< 1 mD,
porosity< 10%, and hydrocarbon satura-
tion> 40%) s also confined below 2300 ms (marked
with a box). The summary of inverted reservoir
parameter analysis thus confirms that the zone be-

low 2300 ms potentially forms the best reservoir for
the unconventional perspective.

Figure 21 presents the 3D models of dynamic
Young�s modulus and Poisson�s ratio obtained by the
MLC + PSO inversion. It can be observed that the
MLC + PSO inversion was the most appropriate for
predicting dynamic Young�s modulus and Poisson�s
ratio laterally and vertically to estimate a refined 3D
model in the complete seismic volume.

Integrated Model Interpretation

Petrophysical and geomechanical parameters
are extremely important in reservoir characteriza-

Figure 19. Histogram analysis of petrophysical properties of reservoir interval: (a) total porosity; (b)

effective porosity; (c) permeability; (d) hydrocarbon saturation.
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tion; however, the quantitative estimation of these
parameters is equally difficult. In the evaluation of
these reservoir properties, more problems could
arise if the intercalated shale is trapped in the sedi-
mentary column of the reservoir interval. Tradi-
tionally, the petrophysical and geomechanical
parameters are determined by log data, numerical
models, and rock core laboratory procedures. Log
and laboratory-measured core data provide accurate
information at certain locations around the drilling
well. A degree of uncertainty therefore exists when
the spatial distribution of reservoir parameters in a
region is estimated by only using well log data. To

achieve the anticipated result from the spatial dis-
tribution of detailed reservoir characterization, the
integration of multiple datasets (3D seismic, well
logs, and cores) is a reliable approach.

In this study, the proposed strategy (MLC +
PSO) applied to a 3D seismic cube provides a rea-
sonable estimate of AI and spatial variations of
petrophysical and geomechanical parameters to
identify hydrocarbon-bearing zones. It is noteworthy
that the proposed strategy captures the lateral and
vertical variations in AI with high resolution and
varies with an abrupt change in extremely thin sand/
shale layers (i.e., the low AI, which corresponds to

Figure 20. (a) inverted dynamic Young�s modulus; (b) inverted dynamic Poisson�s ratio for seismic section of Sawan area. The areas

shown with arrows indicate locations with high fracture density and low risk of borehole failure. This information is essential for

drilling.

Figure 21. 3D models of (a) dynamic Young�s modulus and (b) Poisson�s ratio obtained from MLC + PSO inversion at 2150 ms.
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sand layers, indicates a possible gas-saturated zone).
The spatial variability of inverted porosity and per-
meability profiles affords a good agreement between
well and core data. On the other hand, the lateral

and vertical variations of AI obtained through the
BP neural network were unable to capture the
abrupt changes in lithology and thin sand/shale lay-
ers.

Figure 22. Relationships between petrophysical and geomechanical properties: (a) porosity and permeability with Young�s
modulus; (b) porosity and permeability with Poisson�s ratio.

Figure 23. Time slices of (a) acoustic impedance (AI), (b) porosity, and (c) hydrocarbon saturation (Sat. HC).
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Figure 22 shows the cross-plot of porosity vs.
permeability overlaid with fundamental elastic
moduli (Young�s modulus, Poisson�s ratio). Such
plots highlight the porosity and permeability varia-
tions with elastic moduli, e.g., the increase in
porosity and permeability tends to decrease Young�s
modulus (Fig. 22a). Poisson�s ratio, however, does
no exhibit any distinct relationship with porosity and
permeability (Fig. 22b).

Based on the integration of multiple datasets
(petrophysics, geomechanics, and post-stack seismic
inversion), the study area was evaluated in the
location of better reservoir zones. Figure 23 shows
the inverted AI (IMP), porosity (POR), and
hydrocarbon saturation (Sat. HC) slices estimated
from the MLC + PSO inversion strategy along with
the target interval. The time slices of inverted
porosity and hydrocarbon saturation show that the
area around NE of Well-A has a high porosity
(� 26%) and a hydrocarbon saturation that exceeds
75% (Fig. 23b and c, respectively). Moreover, the
area that lies between Well-A and Well-C has good
properties for oil and gas production [i.e., hydro-
carbon saturation was approximately 75%, porosity
was 24%, and Well-A and Well-C have gas pro-
duction values of 361,860.94 and 692,266.27 m3,
respectively (Table 4)]. The area adjacent to Well-D
and injection well also has a good porosity and a
high hydrocarbon saturation. The hydrocarbon sat-
uration in the region varies from 20% (pink color) to
80% (red color), i.e., from NE to SW. In Figure 23a,
the time slices show that the low AI values follow
the high porosity and high hydrocarbon saturation
values in the same direction. The higher the values
of porosity that low AI (IMP) values follow, the
more probable that hydrocarbon-filled sand is in-
volved.

The production data of Well-A, Well-C, and
Well-D show that Well-C has the maximum pro-
duction and is located in an area with high porosity
and hydrocarbon saturation. On the other hand,
Well-X has the minimum production and is located
in an area with a relatively medium-to-low porosity
and hydrocarbon saturation (Table 4).

CONCLUSIONS

In this study, the integration of MLC with PSO
inversion schemes was applied to a 3D seismic cube
to estimate AI. It was further linked to the spatial
variation of petrophysical and geomechanical
parameters for the characterization of hydrocarbon-
bearing zones in a highly heterogeneous reservoir.
The following conclusions are drawn.

The MLC + PSO inversion strategy was more
reliable than the BP neural network inversion
algorithm in discriminating between the lateral and
vertical facies heterogeneity. It was also more reli-
able in accurately predicting the reservoir parameter
distribution, i.e., low AI was more consistent with
sand facies, low Young�s modulus, and high porosity,
permeability, and saturation. The overall correlation
coefficients between the MLC + PSO inversion and
measured values were 0.90, 0.87, and 0.97 in Well-A,
Well-C, and Well-D, respectively, indicating that the
proposed inversion strategy was reliable. To capture
the geometries of thin sandstone bodies, the contrast
of low and high impedance layers from the MLC +
PSO inversion was more consistent than the BP
neural network inversion algorithm.

The spatial distribution of inversion-based
horizon slices through porosity, permeability, satu-
ration, Poisson�s ratio, and Young�s modulus shows
that high-potential zones are more related to
hydrocarbon saturation in the range 40–80% and
Poisson�s ratio of 0.22–0.28. Further, these parame-
ters are best developed in the NE to SW of the field.
The hydrocarbon saturation between Well-A, Well-
C, and Well-D of the reservoir was extremely high
and corresponds to the area with a high potential for
development wells.

Table 4. Production data of studied wells (Ashraf et al. 2018)

Well ID Production (m3)

Well-A 361,860.94

Well-C 692,266.27

Well-D 389,945.30

Well-X 133,278.54
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The examination of variations in Young�s
modulus and Poisson�s ratio along zones with low AI
(7500–9500 (m/s) 9 (g/cc)), and high porosity
(> 20%), permeability (> 1000 mD), and saturation
(> 60%) can aid in identifying the suitable areas
from NE to SW for well drilling and avoiding areas
with potential wellbore stability problems.

The laminations along the thickness of the
reservoir below 2300 ms have a permeability< 1
mD, followed by a porosity< 10%, and hydrocar-
bon saturation> 60% with high Young�s modulus
and low Poisson�s ratio. This implies that the zone
potentially forms the best reservoir for the uncon-
ventional perspective after the further investigation
of other factors, such as total organic carbon content
and maturity.

The methodology presented in this study pro-
vides better insights on the lateral and vertical
trends of reservoir heterogeneity, which can aid in
minimizing the risk and analyzing the potential
zones over the entire reservoir surface by the inte-
gration of multiple datasets. Moreover, although the
results obtained in this work cannot be generalized,
they can be successfully applied to other basins in
Pakistan with similar geological settings and any-
where in the world for reservoir characterization,

particularly for intercalated shale and variable
depositional environments.
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APPENDIX

Location of Sawan Gas Field

See Figure 24.

Figure 24. (a) Aerial map of structural setting and location of Sawan gas field, (b) stratigraphic column of reservoir, highlighting �C�
interval (target interval) (Yasin et al. 2019).
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Estimated Permeability Model

See Figure 25.
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