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ABSTRACT

Seismic post-stack inversion facilitates the interpretation, mapping and quantification of
hydrocarbon bearing zones. This study estimates reservoir properties (i.e. acoustic impedance
and porosity) by applying post-stack seismic inversion techniques to a gas prone reservoir in the
Sawan area, Southern Indus Basin, Pakistan. In this particular study, model-based and sparse-
spike inversion algorithms are successfully applied on 3D seismic and wireline log data to
predict reservoir character in the Lower Goru Formation (C-sand interval). Our results suggest
that model-based post-stack seismic inversions provide reasonable estimates (i.e. returning
detailed spatial variations) for acoustic impedance and porosity as compared to sparse-spike
inversion algorithms. The calibration of these estimates with petrophysical analysis of wireline
log data propose an appropriate agreement among them. Importantly, the results obtained in our
case study can be applied to similar basins in Asia with 'tight' oil and 'tight' gas accumulations

composed of sand-shale intercalations with different thickness and areal distributions.
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1. Introduction

The evaluation of gas resources in prolific hydrocarbon basins depends on the
characterisation of key properties of reservoir rocks, required for developmental planning and
risk analyses (Torres and Sen, 2004; Karbalaali et al., 2013). Theses analyses chiefly require the
integration of seismic and wireline log data. The reflected amplitudes displayed on seismic
sections are function of differences in elastic/acoustic impedances of sub-surface rocks, and thus
provide a distribution of contrasts between overlying and underlying lithologies (Yilmaz, 2001;
Torres and Sen, 2004; Prskalo, 2007; Karbalaali et al., 2013). This band-limited contrast is used
in the estimation of reservoir properties and can be further enhanced through deconvolution
operations, which comprise what is usually called as ‘an inverse problem’.

Seismic inversion is an interpretation technique used to extract physical properties of rocks
and fluids from seismic data (Krebs et al., 2009). To an inversion specialist, the most interesting
physical property is acoustic impedance, a product of density and velocity contrasts in sub-
surface units. Inverted models of impedance are used by interpreters to derive P- and S-wave
velocities, density, elastic parameters (i.e. Lame’s parameters), brittleness etc., all of which are
believed to be sensitive towards fluid characteristics (Clochard et al., 2009; Alves et al., 2014;
Chatterjee et al., 2016; Zhang et al., 2017). Inverted seismic volumes can be processed further
using multivariate statistical models to estimate reservoir characteristics such as sand/shale
ratios, porosity and water/gas saturations (Hampson et al., 2001; Leiphart and Hart, 2001; Walls
et al., 2002; Pramanik et al., 2004; Calderon and Castagna, 2007; Clochard et al., 2009; Singha
and Chatterjee, 2014; Singha et al., 2014; Maurya and Sing, 2015; Kumar et al., 2016). Post-
stack inversion techniques can also be used to identify reflection events associated with
particular depositional geometries (Huuse and Feary, 2005). Some recent studies demonstrated
the successful application of post-stack seismic inversion in deep-water seismic data sets (Kumar
et al., 2016) and in gas-hydrate estimation (Chatterjee et al., 2016). This makes inversion
techniques one of the most widely used interpretational tool in oil and gas exploration.

Seismic inversion has two broad classifications: a) Pre-stack inversion, and b) Post-stack
inversion. The interpretation of seismic amplitude variations with offset, i.e. AVO analysis, can
be performed on pre-stack data - in which angular information is preserved - to predict
lithological and fluid properties (Margrave et al., 1998; Leite and Vidal, 2011). Using well logs,

seismic and geologic data, post-stack inversion (at zero offsets) converts seismic data showing



amplitude into a volume of acoustic impedance contrast(s) (Downton, 2005). The final
impedance cube can be used to calculate reservoir properties at reservoir scales (Veeken et al.,
2004). In detail, post-stack inversion converts the bulk response of seismic waves into acoustic
impedance, a property that is intrinsic to the type of rock(s) imaged and facilitates the
interpretation of significant geological and petrophysical boundaries in subsurface units (Gambus
and Torres, 2008). By reducing any wavelet effects, tuning and side lobes, acoustic impedance
will also enhance the resolution of sub-surface layers with recognised hydrocarbon-reservoir
potential (Ziolkowski et al., 1998).

The Indus basin has been extensively studied so to evaluate its petroleum elements and
associated hydrocarbon potential (Quadri, 1986; Droz and Bellaiche, 1991; Zaigham and
Mallick, 2000). A recent study to evaluate the shale gas potential in the lower Indus basin is
given by Sheikh and Giao (2017). Here, the Lower Goru formation of Cretaceous age acts as a
major reservoir unit and is widely distributed through the lower and middle Indus Basins.
Despite its wide spatial distribution, its thickness and reservoir properties are quite
heterogeneous. Variations in reservoir properties are mainly attributed to distinct depositional
environments in the Cretaceous, shale intercalations and to the style(s) of shale distribution (Ali
et al., 2016; Anwer et al., 2017). Multiple studies were carried out to characterise and quantify
reservoir properties of the Lower Goru Formation based on petrophysical analysis, rock physics
modeling and seismic structural/startigraphic interpretations (Ali et al., 2005; Akhter et al., 2015;
Ali et al., 2016; Naeem et al., 2016; Togeer and Ali, 2017; Anwer et al., 2017; Azeem et al.,
2017), but none using different post-stack inversion algorithms tied to a complete borehole data
set.

This study focuses on the estimation of reservoir characteristics from post-stack inversion
algorithms using 3D seismic and well log data. A 3D seismic cube and well log data from four
wells (Sawan-01, Sawan-04, Sawan-05 and Sawan-06) are incorporated in our inversion
techniques. The well data comprises gamma ray, resistivity, caliper, density, and sonic logs. The
first stage in our analysis consisted of a detailed interpretation of 3D seismic data in order to
delineate, mark and map key stratigraphic horizons, subsurface structural and stratigraphic
features (Figure 1). The well data was then correlated as a pre-mapping process for locating and
tracing the spatial distribution of the reservoir interval (C-sand interval of Lower Goru

Formation) in the subsurface (Figure 2). Post-stack inversion algorithms, i.e. model-based and



sparse-spike inversions, were applied to the interpreted data sets to delineate and quantify fluid-
rich zones in the Lower Goru Formation, Southern Indus Basin. A further aim was to compare
the model-based and sparse-spike inversion algorithms to understand which is the most reliable
tool to characterise such formations containing hydrocarbons.

A geo-statistical approach was used in this work to estimate reservoir porosity. Geo-
statistical methods use inversion-derived impedance values as an external attribute, while
borehole and seismic data are considered as internal attributes (Doyen, 1988). By using a geo-
statistical approach in this work, inversion derived impedance was tied to porosity values for C-
sands interval of Lower Goru sands in the study area. The complete workflow used for this study

is shown in Figure 3.

2. Geological setting

The study area (Sawan) in Figure 4 is a part of Lower Indus basin, the main hydrocarbon-
producing basin in Pakistan. The Precambrian basement of the basin has been documented by
geophysical surveys and is usually considered as having been tectonically controlled
(Balakrishnan, 1977; Farah et al., 1977; Seeber et al., 1980). Numerous structural highs and lows
are recognised within this Precambrian basement, and imposed important thickness variations in
the overlying sedimentary cover. Amongst these highs, Jacobabad-Khairpur high documented as
a horst by Ahmad et al. (2004) is located within our study area (Figure 4). The Jacobabad-
Khairpur high divides the Indus basin into the Middle and Lower Indus Basins of Pakistan.
Seismic studies reveal that the Sawan area is located on the southeastern flank of Jacobabad-
Khairpur high (Ahmad et al., 2004; Abbasi et al., 2016).

Units of the same age as the Lower Goru Formation continue to Iran and India (Alavi, 2004;
Raju and Mathur, 2013). In terms of South Asia’s hydrocarbon potential, similar basins to the
Lower Indus Basin are the Zagros Basin of Iran and multiple sedimentary basins of India. The
Zagros Basin is reported as a foreland and foredeep basin containing a variety of oil and gas
fields in both carbonate and clastic reservoirs (Alavi, 2004). India also have several basins
producing commercial quantity of crude oil and gas, i.e. the Cambay Basin, the Assam shelf
Basin, the Mumbai offshore Basin, the Krishna Godavari Basin, and the Rajastan Basin (Klett et
al., 2012; Biswas, 1987). Amongst these basins, the Rajastan Basin of India has similar
depositional and tectonic histories as those of the southern Indus basin, Pakistan. Similarly,



China also has reserves that are hosted in both carbonate and clastic reservoirs of similar nature
in different basins, including in the Sichuan, Tarim, and Ordos Basins.

The sedimentary cover above the Precambrian basement is up to 4,000 m thick on the
Jaccobabad-Khairpur High, and important volumes of gas are trapped in Jurassic and Cretaceous
sandstones, and in Eocene carbonates (Kazmi and Jan, 1997). Based on regional tectono-
stratigraphic information, Paleocene clastics (Ranikot Formation) pinch-out towards the
Jaccobabad-Khairpur High. This provides evidence for a first Paleogene upflift episode affecting
the Jaccobabad-Khairpur High. During the early Eocene, the development of sub-basins and
complex basinal paleo-topography is evident due to the presence of carbonate buildups. The
basin was then filled with shales during the latter part of the Eocene (Gazih Shale).

The study area shows basement-rooted faults that are mainly oriented in a NNW-SSE
direction (Kazmi, 1979; Kazmi and Rana, 1982), and shallower wrench faults cutting through the
whole Cretaceous section, terminating at the level of the K-T boundary. These faults may have
resulted from transtensional tectonics associated with collision between the Indian and Eurasian
plates, followed by anti-clockwise movement of the Indian plate (Kazmi and Jan, 1997).

Peripheral forebulges were formed in paleo-highs during the last episodes of tectonic
inversion (Mesozoic and lower Tertiary) in response to crustal and nappe thrusting in the west
and northwest parts of the study area. This was the time of the final trap formation, secondary
migration of hydrocarbons and reservoir recharging in the Southern Indus Basin (Kadri, 1995;
Ahmed et al., 2013). The stratigraphy of the study area includes the Chiltan limestones of
Jurassic age at the base (exposed or drilled), overlain by rocks ranging in age from the

Cretaceous Sember/Lower Goru Formations to alluvial rocks of Quaternary age (Figure 5).

3. Data and methods

The inversion of seismic data to acoustic impedance has become a standard tool for the
prediction of reservoir properties. Relative acoustic impedance inversion helps in the qualitative
interpretation of seismic data, while absolute acoustic impedance inversion is essential for the
quantitative estimation of reservoir properties. The workflows for both absolute acoustic
impedance (model-based inversion) and relative acoustic impedance inversion (sparse-spike
inversion) are discussed later in specific sections. In this work, the accuracy of the inversion

results was cross-checked by correlating inverted data with borehole petrophysical information.



The following sections give a brief overview of the petrophysical and seismic inversion methods

used in this work.
3.1. Petrophysics

The study of rock properties and their interaction with fluids is usually named as petrophysics
(Tiab and Donaldson, 2004). The main focus of well-log analysis is to transfer the raw
petrophysical data from boreholes into predictable properties of the reservoirs and their fluids
(Asquith and Krygowski, 2004). Wireline data are useful in the quantification of porosity,
volumes of shale, fluid saturations and permeability of sub-surface reservoirs. Petrophysical
evaluations are thus used to identify hydrocarbon-bearing zones within reservoir intervals of
distinct geometries. A general workflow for the petrophysical interpretation of hydrocarbon-

bearing reservoirs is given in Figure 6.
3.2. Seismic inversion

A brief review of the steps involved in performing seismic inversion is discussed in the

following sub-sections.

3.2.1. Wavelet extraction
Seismic inversion is based on the convolution model and states that the synthetic trace,
S(t), can be generated from the convolution of Earth’s reflectivity series with a desired wavelet
(Mallick, 1995; Cooke and Cant, 2010; Barclay et al., 2008), such as:

S(t) =W(t) *R + N, 1)

where, W (t) is the extracted statistical wavelet, R is reflection co-efficient (RC) series and N is
the random noise. A constant phase wavelet, shown in Figure 7, was estimated to perform the
correlation of extracted reflectivity and inverted reflectivity from seismic data at well Sawan-05.
The window length used in our wavelet extraction ranges from 1600 ms to 2200 ms, with a
wavelength of 100 ms. The wavelet extraction algorithm uses seismic data and all available well-
log data. To obtain reliable results from seismic interpretation and inversion, the wavelet should

be at zero or minimum phase. The amount of phase shift in input wavelet greatly affects the



inversion results. The greater the phase shift, the higher will be the error in the resulting

impedance data (Jain, 2013).

3.2.2.Initial Model/Low Frequency (LF) Model

Two terms are used to define acoustic impedance: a) relative acoustic impedance, and b)
absolute acoustic impedance. Relative acoustic impedance does not involve the generation of a
low frequency model for its calculation. It is a relative layer property and is used in qualitative
interpretations. In contrast, absolute acoustic impedance is an absolute layer property and is used
in both qualitative and quantitative interpretations (Cooke and Cant, 2010). Absolute acoustic
impedance is obtained when a proper low-frequency component (approximately 0-15 Hz) is
incorporated in inversion algorithms (Cooke and Cant, 2010). In model-based inversions, low
frequencies are added as a part of the inversion algorithm, rather than generating a separate low
frequency model. In sparse-spike inversions, the low-frequency model is added separately
(Cooke and Schneider, 1983).

A low frequency model generated from the application of a model-based inversion is shown
in Figure 8. In order to obtain absolute acoustic impedance from model-based inversion
techniques, a low frequency model must be added from the well data to assure more realistic
results (Lindseth, 1979). Several authors suggested solutions for building an accurate low
frequency model, such as the use of Linear programming algorithms and autoregressive
processes in Oldenburg et al. (1983) and generalised linear inversion in Cooke and Schneider
(1983). All these approaches face the issue of non-uniqueness because there is more than one

model compatible to seismic response (Gavoti et al., 2012).

3.2.3. A priori or low impedance model

To generate a priori (or low impedance) models, the input seismic data is modeled by
constrained sparse-spike algorithms. This is achieved by convolving the seismic wavelet from
the inverted reflectivity series within a defined range of acoustic impedance. This procedure can
be accomplished by interpolating (using interpolation algorithms such as trigonometric
interpolation, inverse distance weighted methods, and kriging interpolation, etc.) and

extrapolating all available information, namely impedance logs and interpreted horizons. Finally

7



the low-frequency model is added to inverted cube to obtain a better resolution of inversion
results. The acoustic impedance cube is then calibrated with rock properties (Ibrahim, 2007). A
low impedance model generated for the application of sparse-spike inversion in this work is
presented in Figure 9.

3.2.4. Model-based Inversion Theory

A generalised linear inversion algorithm is used in model-based inversions. This algorithm
assumes that the seismic trace, S(t), and the wavelet, W (t), are known by the interpreters, and
tries to alter the initial guess model until the calculated trace matches with the actual trace to an
acceptable level (Gavotti et al., 2012, 2013). In other words, the geological model is altered until
the error between the synthetic and original seismic traces is minimised. The basic approach used
in the inversion algorithm is, therefore, to solve the function given in Equation 2 and to measure

any misfits between real and synthetic data (Gavotti et al., 2013):

] = weight;x(S — W * R) + weight,x(M — H * R), (2

where, S is the actual seismic trace, W is the extracted statistical wavelet, R is RC series, M is the
initial guess model or interpreted horizon data, and H defines the integration operator, which is
convolved with final reflectivity to produce the final impedance. In Equation 2, the first part
models the seismic trace while the second part models the impedance initially estimated. Well
data is used to control the small amounts of noise, or modeling errors. The workflow for model-

based inversions is shown in Figure 10.

3.2.5. Sparse-spike Inversion (SSI)

In this study, we use the Linear Programming (LP) based sparse-spike impedance inversion
technique described in Li (2001). The ultimate objective of impedance inversion is to build a
bulk model as a series of reflection coefficients. For this purpose, seismic data x(t) and a source

wavelet are used as inputs and acoustic impedance (Al) is estimated from that model (Ontiveros



et al., 2014). The relationship between data vector d = (x4, X3, ..., X,), model m = (ry, 1y, ..., 1)

and noise “n” is given by Equation 3:
Lm+n=d, 3

where, L is the operator that measures the misfit between data and the model. For a given data d,
the model vector m can be defined with a probability p(m|d), and can be described by Bayes’

formula, shown in Equation 4:

_ p(djm) p(m)

(4)

where, p(m) is the a priori knowledge on the model and p(d) is a priori knowledge on data.
Whereas, p(d|m) links the model and the observations. Thus, the a priori model is the additional
information that comes from well-log data and is used to measure the difference among seismic
and synthetic traces (Li, 2002; Ali and Jakobsen, 2011a, b; Ali and Jakobsen, 2014; Anwer et al.,
2017). For a model that is based on probability (p(m|d)), one may obtain a Maximum-a-
Posteriori solution (Ali and Jakobsen, 2011a, b; Ali and Jakobsen, 2014; Anwer et al., 2017).

The objective function ] for minimization can be written as shown in Equation 5:

J] = —log p(m|d) = —log p(d|m) — log p(m). %)

Aslog p(d) is a constant term, it can be ignored. A solution, in least square sense, can be
obtained by maximizing the objective function ] which honors an input of a priori model
(Ontiveros et al., 2014). The workflow followed for LP sparse-spike inversion is shown in Figure
11.

3.2.6 Geostatistical analysis



Geostatistical techniques are used to link the spatial distribution of rock properties (i.e.
petrophysical and petroelastic) to seismic data (Doyen, 1988; Haas and Dubrule, 1994). Geo-
statistical methods are routinely used for predicting relation between various petrophysical
parameters derived from both well log and seismic data (Doyen, 1988). In these predictions, a
statistical relationship is developed between log data and seismic derived properties using a
linear regression. This relationship is used to quantify porosity (reservoir character) on the
whole seismic cube. The estimated porosities are then correlated with those estimated inside the
borehole for reliability check.

4. Results

4.1 Petrophysics

Well log analysis is a fundamental tool providing initial insights towards subsurface
geological conditions and reservoir characteristics. On wireline logs, potential gas zones can be
identified by low-medium values of gamma ray logs, negative values of spontaneous potential
log, high resistivity response, low density response, low neutron porosity values and high
acoustic slowness (i.e low velocity) values in sonic logs as compared to surrounding rocks. The
petrophysical properties of C-sand interval reservoir are delineated from available wireline logs
in Sawan-05, as shown in Figure 12. Table 1 shows the various calculated parameters from the
suite of well log data available.

In this well, the C-sand interval reservoir is encountered at a depth of 3255 m having a gross
thickness of about 49 m. Based on our petrophysical analysis a 30 m thick net pay zone of clean
sand, at a depth range from 3260-3290 m, can be delineated. This sandy zone exhibits a smaller
percentage of shale volume (35%), higher effective porosity (19%) and an economic percentage
of pore filled hydrocarbons (60%). This highly porous (total porosity 21%) thick pay zone has a
substantial hydrocarbon saturation and qualifies as an excellent reservoir (Rider, 2002).
Furthermore, the calculated permeability from wireline log data within this reservoir zone lies

within a favourable range (Table 1).
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4.2 Seismic inversion

The pre-inversion steps adopted in this work involved wavelet extraction and the generation
of synthetic seismogram. The wavelet is extracted from seismic data within a specified time
window, and including the inline and cross line traces. The extracted wavelet was convolved
with reflectivity series, derived from sonic and density logs at well Sawan-05, in order to
generate a synthetic seismogram. The synthetic seismogram and seismic traces at well Sawan-05
were correlated as shown in Figure 13. Model-Based and Sparse-spike based inversions were
applied on seismic data of Sawan area. The results obtained from both models are discussed
separately as follows.

4.2.1 Model-based inversion

A statistical wavelet was extracted in a time window spanning from 1600 ms to 2200 ms
within the context of a model-based seismic inversion. The extracted zero phase wavelet (Figure
7) has sharp peak amplitude with higher dominant frequency and minimum side lobes. The
frequency and phase spectra are also shown in Figure 7. Figure 14 shows the tie between well
log and seismic derived acoustic impedances at Sawan-05. Within the C-sand interval log
derived acrostic impedance (blue line), and inverted (seismic) acoustic impedance (red line), are
in very good agreement. The comparison of synthetic seismic traces obtained after convolving
the final extracted wavelet with the seismic traces at Sawan-05 also result in a excellent
correlation (correlation coefficient = 0.99) with a least significant Root Mean Square (RMS)

error (0.04 or 502 (m/s)(g/cc) in terms of impedance).

Figure 15 shows the result of model-based inversion applied to inline 501 in the interpreted
3D seismic volume. The model-based inversion technique is successful in capturing the lateral
variations in acoustic impedances by incorporating spatially constant low frequency model
(Figure 8). The intended zone of interest, the C-sand interval of the Lower Goru Formation
starting at 2160 ms, has low impedance. This low impedance (9394-10024 (m/s)(g/cc)) is
indicative of a gas saturated zone at this particular level (Figure 15). Furthermore, the pattern of
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high impedance contrast (between purple, light blue and dominant cyan lines) observed in Figure

15 also indicate this zone as being gas saturated.

The overlying purple-blue layer above the low impedance layer in Figure 15 shows high
impedance (10968-11178 (m/s)(g/cc)), which is believed to reflect the seal unit (D-interval)
above the C-sand interval reservoir. Moreover, the low impedance layer at 2160 ms shows a
lateral pinch-out towards the northwest (Figure 15). This shows that the thickness of the C-sand
interval decreases towards the NW part of the seismic volume. An alternated pattern of medium
and high impedance layers (purple, dominant blue and cyan) is observed in the selected time
window, a character due to the alternate sand-shale layering present in the Lower Goru

Formation at this location.

4.2.2 Sparse-spike inversion

For the sparse-spike inversion, a statistical wavelet was extracted in a time window spanning
from 1600 ms to 2200 ms, and its frequency range was adjusted by comparing the inverted trace
at well Sawan-05 with the calculated trace. The correlation between synthetic (red) and seismic
trace (black) is excellent with a high correlation coefficient (0.99) as shown in Figure 16. The
estimated RMS error between the synthetic and seismic trace is 0.04 or 504 (m/s)-(g/cc) in terms
of impedance. The results of the sparse-spike inversion applied to inline 501 are shown in Figure
17. The low impedance value, in light-blue colour, is observed at a two-way depth of 2160 ms,
which corresponds to the C-sand interval. The impedance ranges from 9500-10000 (m/s)-(g/cc)
for this layer. Above this light-blue layer, a high impedance layer is identified as comprising the
D-interval (seal unit). The impedance value for this dark-blue layer is >15000 (m/s).(g/cc), and
the impedance log also shows a positive peak - indicating a high value for impedance. The high
impedance contrast (blue-red colour contrast) observed at places (near well Sawan-05) is due to
the presence of a gas saturated zone in the C-sand interval. According to lbrahim (2007), gas
reservoirs are characterised by low acoustic impedance. The impedance values for a good quality
gas reservoir range from 8000 to 10000 (m/s)*(g/cc). The high impedance values are, therefore,
reflecting the presence of shale. Overall, the lateral resolution of impedance estimated from

sparse-spike inversion is low.
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4.3 Reservior character (porosity) estimation

Figure 18 shows the cross plot of acoustic impedance and the porosity. The correlation
coefficient is reasonably good. A linear regression technique is used to find the correlation
coefficient. One can forcefully fit the data through the application of a higher order polynomial,
splines and other mathematical techniques. We are not seeking in this work a mere fit but,
instead, the recognition of geologically interpretable entities. Since the relation between
acoustic impedance and estimated porosity is linear in nature, we therefore used a linear
regression technique. Furthermore, it can be argued that this linear relation is valid within the
resolution boundaries of seismic and well log data. A higher order polynomial fit will be
impossible to interpret and therefore meaningless/misleading in this particular scenario.
Henceforth, the porosity estimation from the inverted acoustic impedance is fairly reasonable
and realistic within this particular geological settings.

As impedance decreases with increasing in porosity values, we have a linear relationship
between porosity and acoustic impedance with a negative slope. The cross plot between
acoustic impedance and porosity was made by using their average values at the well locations
(Sawan-04, Sawan-05 and Sawan-06) shown in Figure 18. The linear relationship developed
between acoustic impedance and porosity by a best fit line is given as follows:

@ = —0.003 * A — 48.63, (6)

where, @ is the effective porosity and A is the inverted impedance from model-based inversion.

5. Discussion

5.1 Combining distinct inversion data in the characterisation of gas reservoirs in South Asia

Various studies have been performed in Asia for the delineation of gas reservoirs using
seismic post-stack inversion techniques. The study performed by Sinha and Mohanty (2015) is
based on post-stack model-based and band limited inversions applied to the Krishna Godavari
Basin of India. The Cretaceous sedimentary strata (sand/shale units) of this basin are similar to
that of Southern Indus Basin Pakistan (Gupta, 2006). Their study indicates that post-stack
inversion gives valuable results in terms of stratigraphic interpretation, reservoir characterisation
and demarcation of potential gas saturated zones in the Krishna Godavari Basin of India. The

high impedance contrasts offered by inversion are interpreted as free gas saturated zone.
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Furthermore, the model-based inversion in this case also provides very-high quality results as
compared to band limited inversion. The same results are obtained from inversion techniques in
a case study from an oilfield in Persian Gulf, in Iran (Karbalaali et al., 2013). The study of
Karbalaali et al. (2013) also comprises a post-stack model-based inversion and crossplots of
inverted volumes for the identification of productive hydrocarbon zones. This same study
showed that high acoustic impedence contrasts in sand/shale successions (Ghar Formation) are
due to saturated hydrocarbon zones.

In this study, the application of both inversion schemes on a 3D seismic cube provide a
reasonable estimate of acoustic impedence, which can be linked to spatial lithological variations
and use in the delineation of hydrocarbon-bearing zones (gas saturated zone). Here, the sparse-
spike inversion algorithm was able to delieneate gas saturated zones, but was unable to capture
the lithological variations (lateral pinch-out) of the C-sand reservoir interval. The model-based
inversion algorithm was able to capture both lithological and fluid characteristics. Also, the
lateral and vertical variations of acoustic impedance for model-based inversion provides a good
match with well data as compared to the sparse-spike inversion (this latter with a relative low

resolution).

5.2 Importance of geo-statistical analyses in porosity calculations

Porosity and permeability are the most important parameters in reservoir characterisation
and are difficult to estimate. The difficulty in estimating porosity and permeability comes from
the fact that these parameters vary considerably at reservoir scale and can only be effectively
measured at specific well locations. The solution to this caveat requires the integration of rock
physics, petrophysics, seismic inversion and surface seismic in order to get more reliable results
(Leite and Vidal, 2011).

The quantitative estimation of porosity in reservoir rocks is as difficult as it is important.
Further difficulties when evaluating porosity arise when dispersed shale is present in reservoir
rocks or the reservoir rock exhibits several types of porosities (Adekanle and Enikanselu, 2013).
Porosity can be determined by various methods involving wireline log data, mathematical
models and laboratory procedures. Well data provide the best vertical resolution and good

estimates of porosity at certain locations within an area of interest. As wells are sparsely located
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in the field and it is hard to estimate reservoir parameters (i.e. porosity) between wells, the
integration of seismic inversion results with petrophysics is crucial to improve our knowledge
of the spatial distribution of porosity. The ultimate goal of seismic inversion is to provide
models not only of acoustic impedance but also of other reservoir properties such as effective

porosity and water saturation for regions between wells (Rijks and Jauffred, 1991) .

Using equation 6, the inverted impedance surface of the C-sand interval estimated from the
model-based post-stack inversion algorithm (Figure 19) was converted into porosity in a second
stage (Figure 20). The impedance surface shows that the low impedance value in the C-sand
interval follows a SW to NE direction, and that a favourable distribution of porosity is observed
in this direction. The porosity varies from 6 % (dark cyan colour) to 32 % (orange colour).
Nearer to well Sawan-05, the average porosity is around 19 % (light cyan to green colours). The
porosity value estimated at the Sawan-05 well location by petrophysics matches the value
estimated from seismic inversion (Figure 20). This study provides guidance towards the
assessments of reservoir identification and reservoir properties distribution over the entire
reservoir’s surface through geo-statistical analysis. It may be considered a useful work to
characterise sand-shale reservoirs in South Pakistan, and in other basins of Asia as suggested in

section 2.
6. Conclusions

The integration of petrophysics, geostatistical analysis and model-based inverted acoustic
impedance can result in an effective estimation of reservoir character. In this study, two types of
inversion algorithms are applied and compared to delineate reservoir character in the Sawan area,
Lower Indus Basin, Pakistan. Sparse-spike inversion clearly delineates the reservoir zone, but
fails to map detailed spatial variations. On the other hand, the model-based inversion
successfully captured the detailed spatial/lithological variations (in high resolution) within the
reservoir zone — it is therefore preferred over the sparse-spike inversion. Spatial distribution of
inversion-based (estimated) porosity within the C-sand interval ranges from 6% to 32%. In well
Sawan-05, the estimated porosity for C-sand interval is around 19%. Furthermore, the porosity
obtained from post-stack inversion and petrophysical analyses of the well Sawan-05 is in best
agreement. This methodology of reservoir characterization can be implemented to other basins in

Asia with similar geological settings.
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Table 1: Estimated petrophysical properties of the reservoir zone, 3260-3290 m, of the C-sand interval at well

Sawan-05.
Petrophysical Shale Total Effective | Permeability Water Hydrocarbon Gross Net
Property Volume | Porosity | Porosity (K) Saturation Saturation Thickne Pay
(Vsn) (1) (¢E) (Sw) (Hw) ss
Units viv v/iv viv Milidarcy viv viv Meter | Meter
Values 35% 21% 19% 95 40% 60% 28 22
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Figure 1: Display of seismic inline 501 highlighting the interpreted reservoir zone. The seismic to well tie (black

color wiggle) is also shown using the data of well Sawan-05.
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Figure 2: Well correlations based on Gamma ray and sonic (DT) log. The correlation shows the spatial distribution

of different sands of Lower Goru Formation. The C-sand interval within the Lower Goru Formation comprises the

main reservoir interval in the study area.
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Figure 13: Generation of synthetic seismogram using data of well Sawan-05. Synthetic and extracted seismic traces,

at the well location, are respectively shown in blue and red colours.
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Figure 14: Analysis of the model-based post-stack seismic inversion at well Sawan-05 compared with the initial

model: a) filtered impedance log (blue), initial model (black), inversion impedance log (red); b) synthetic trace from

inversion (red) and extracted trace from the seismic (black). c) RMS error between the synthetic and seismic traces.
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Figure 15: Model-based inverted acoustic impedance for inline 501. The impedance log of well Sawan-05 is also

shown at CDP 956. This inversion algorithm is able to capture detailed lateral variations in lithology.
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Figure 16: Analysis of sparse-spike post-stack inversion at well Sawan-05: a) filtered impedance log (blue), initial

model (black), inverted acoustic impedance (red); b) synthetic trace from inversion (red) and extracted trace from

the seismic (black). c) RMS error between the synthetic trae and seismic traces.
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Figure 17: Sparse-spike based inverted acoustic impedance for inline 501. The impedance log of well Sawan-05 is
also shown at CDP 956.
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Figure 18: Cross plot of acoustic impedance (Al) and effective porosity with acceptable value of correlation

coefficient. Porosity and acoustic impedance are always linearly related, showing a negative slope.
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Figure 19: The acoustic impedance map of C-sand interval overlain by the depth contour map.
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Figure 20: Porosity distribution in the C-sand interval as estimated from inverted impedance overlain by the depth
contour map. At the location of well Sawan-05, the porosity extracted from the model-based inversion and

petrophysical analyses are in good match.
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