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Abstract

Amplitude Versus Offset (AVO) inversion has been applied for reservoir analysis focused
on the horizon carbonate Peutu and Belumai. Simultaneous inversion analysis is used to
determine gas anomaly inside carbonate-rocks and it’s spread laterally around target
zones. It is based on the fact that small V, and V; value changes are going to show the
better anomaly to identify reservoir fluid content. The AVO inversion method applies

International License

angle gather data as the input and then it is inverted to produce P impedance (Z,) and S
impedance (Zs). Z, and Zs are derived to produce Lambda-Rho and Mu-Rho that are
sensitive to fluid and lithology. Value of Mu-Rho between 44-65 Gpa gr/cc while value
of Lambda-Rho smaller than 10 Gpa gr/cc (for carbonate-rock filled by fluid). This
research found that Lambda-Rho is the best parameter to show the existence of
hydrocarbon in the case of gas. While Mu-Rho is the best parameter to show the
differences in lithology.
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1. Introduction

Most of the producing sandstone reservoirs in Indonesia are developmental reservoirs left behind by the
Dutch era [1]. The reservoir that is currently producing has decreased its annual production [2], [3].
However, this condition is contrary to the need for energy which is continuously increasing every year
along with population growth [2], [4]. The exploration paradigm was looking for sandstone reservoirs
as the leading oil and gas producer has begun to shift to carbonate reservoirs. The potential for carbonate
reservoirs in Indonesia is relatively large because it contains more than 50% of hydrocarbon reserves
[1], [2], [5]. Carbonate reservoirs have more diverse characteristics than sandstone reservoirs, So a more
complex approach is needed [6], [7].

The complexity and diversity of field conditions are some of the things that require special
attention and does not just use simple data processing. However, further processing (inversion method)
is needed, aiming to obtain a variety of essential information regarding hydrocarbon reserves. One of
the AVO inversion method tools is the Lambda-Mu-Rho (LMR) introduced by Goodway et al. in 1997
[8]. In some cases, the inversion method using Lambda and Mu parameters and multiplying both Rho
parameters has been proven to be accurate in detecting sandstone lithology and fluid content [9]-[12].

The results of previous studies show a better picture of the presence of anomalies compared to
interpretation using conventional inversion methods such as Acoustic Impedance (Al) inversion method
[13]-{15]. By observing the response character in the gas zone, the AVO Lambda-Rho and Mu-Rho
inversion method can limit the gas zone compared to the P impedance and S impedance parameters
(Figure 1). The LMR parameter describes Mu-Rho (up) which relates to rigidity, and Lambda-Rho (4p)
which relates to incompressibility. Based on the derivation of the AVO equation, the Mu-Rho equation
is expressed as

pp=1 (1)
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Figure 1. (a) Log P impedance and S impedance response characters, (b) Log Lambda-Rho and Mu-Rho characters.

and the Lambda-Rho equation is expressed as
Ap=75-27¢ )

which Z, as P impedance and Zs as S impedance [10], [11].

The LMR inversion method was applied to the North Sumatra basin, a back-arc basin bounded
by the Bukit Barisan Mountains to the west, the Andaman Sea to the north, and the Malacca platform
to the east. The North Sumatra Basin is a combination of pull-apart basin and half-graben basin systems
formed since the late Eocene era when the Australian Ocean plate collided with the Eurasian continental
plate. The Peutu and Notai Formations were thought to be important gas reservoirs in the North Sumatra
basin. The Peutu Formation consists of clay and siltstone with moderate to very high carbonate content
(in some places also contains the mineral glauconite). Limestone layers containing foraminifera and
glauconite were formed at elevations throughout the exposure. Meanwhile, the Unai Formation, which
consists of carbonate rock, sandstone and clay-limestone, is formed in the lower area. The Peutu
Formation thickness varies from 35 to 50 meters at exposure to 200 to 1,100 meters in reef areas.

2. Method

The study was conducted to identify the gas present in the study area and distinguish the lithology type
using the AVO LMR method. The steps taken in this study include several stages of implementation,
starting with data preparation (well log data, seismic data, and other supporting information), well data
analysis, seismic data processing by carrying out an inversion process to obtain acoustic impedance
values, which are then transformed by the Mu-Rho and Lambda-Rho parameters.

2.1. Data Collection

This research's initial stage is to collect and prepare data and information on the research area needed
for the research process. The data prepared are 3D pre-stack data (in the form of gather as the initial
seismic data with 2 ms sample sampling method, zero phase, and Y segment format), gamma-ray log
data (as well-data, velocity log, and density log to calculate the acoustic impedance of the well), and
geological data of the research area (including stratigraphic data, regional geology, and structural
geology of the research area which are used as references in the study) [7], [16].

2.2. Data Processing

Data processing in this study using the Hampson Russell V7 software. The Hampson Russell software
comes with geoview, E-log, AVO, and strata features. Geoview serves as a database for storing log data
that can be used in other Hampson Russell features. E-log is used for editing and analyzing log data.
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AVO is used for attribute creation and AVO analysis. In contrast, strata are used to create impedance
models and perform seismic data inversion [17], [18].

Well-data processing is carried out to reduce the P (V) and S (Vs) wave velocity data so that the
Log 4p and up data are obtained. Crossplot is carried out on existing log data to see the parameters that
best describe the target area's fluid and lithology. Seismic data is in the form of Common Deep Point
(CDP) gather Pre Stack Time Migration (PSTM) with a sampling rate of 2 ms. The angle gather process
is carried out on seismic data to carry each trace in the offset area to the angle area. This process is
carried out by ray tracing using the speed function. Then super gather is carried out for trace smoothing,
which aims to strengthen the amplitude response. The stacking process on seismic PSTM gathers data
by adding seismic traces in one CDP after Normal Move Out (NMO) correction [17], [19], [20]. The
CDP stack data obtained were then correlated with well seismic tie data. After the correlation process,
the target horizon is determined by picking the areas suspected of formations with hydrocarbon content.
Compilation of P impedance and S impedance models from seismic data associated with well and
horizon data as lateral boundaries. The initial model is needed for all inversion methods as a hard
constraint on the final inversion result or limiting it so that the inversion result does not shift away from
the model.

The seismic data inversion process in this study was carried out using a model-based method
with soft constraints. Inversion is carried out by inverting time windows starting from the top of the
Talangakar to the top of the basement on both reflectivities, namely the P wave and the S wave. The
inversion process aims to obtain the P wave impedance section (Z,) and the impedance section of the S
wave (Zs). Zp and Zs volumes were transformed into Lambda-Rho, Mu-Rho, and Lambda per Mu using
the Goodway equation [8].

3. Results and Discussion

3.1. Crossplot Analysis

The depth section of the cross-plot results will be shown in the cross-section. This sensitivity analysis
is essential to determine the parameters that can be used as indicators of lithology and fluid indicators.
The cross-plot analysis of Lambda-Rho and Mu-Rho parameters can also correctly display the target
area's gas fluid content. The cross-plot study results of gas anomalies are represented by a water
saturation content of less than 0.6472 Sw, which is shown by yellow to green as shown in Figure 2a.
The anomaly on the cross-plot is shown by the yellow ellipse circle in Figure 2b. A smaller water
saturation value characterizes a suitable reservoir [21]-[24].
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Figure 2. (a) Cross-plot between log Lambda-Rho and Mu-Rho (water saturation color scale), (b) Cross section of vertical
lithology distribution.
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3.2.  Analysis of Inversion Results

In the study area, the Belumai and Peutu formations have many fault structures and faults. When viewed
from one side of the petroleum system, hydrocarbon traps are thought to be structural traps, namely
traps formed due to the deformation effect of reservoir rocks such as faults. The layers of porous and
permeable rocks, such as carbonates in the Peutu formation, are ridden by impermeable rocks. It acted
as caprock, as indicated by the unconformity boundary between the reservoir and the rocks above it. In
this case, the rocks that act as stamp rock are shale and Belumai formations which are composed of
carbonate shale, sandstone, and clay-limestone.

The cross-section of the P wave impedance (Figure 3) and the S wave impedance (Figure 4)
clearly shows that the lithology in the Peutu formation is carbonate covered by shale and the Belumai
formation, which consists of carbonate shales, sandstone, and limestone clay. The carbonate bounded
by the Peutu horizon and Tampur horizon are indicated by a low P impedance value (reddish yellow
colour) with a P impedance value range of fewer than 32,500 ft/s*gr/cc and a high S impedance value
(purple colour) with a range of impedance values S less than 25,000 ft/s*gr/cc.

The cross-sections of the inversion result (P impedance and S impedance) can separate
lithological variations vertically or laterally but have not been able to identify the presence of gaseous
fluid. Therefore, a transformation is carried out to get the Lambda-Mu-Rho parameter value.
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Figure 3. Cross section of the P wave acoustic impedance.
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Figure 4. Cross section of the S wave acoustic impedance.
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Figure 5. Target horizon anomalies at the Lambda-Rho cross-section.
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Figure 6. Target horizon anomalies at the Mu-Rho cross-section.

3.3. Cross-sectional Analysis of Lambda-Rho and Mu-Rho

The Lambda-Rho parameter is sensitive in classifying a fluid's presence and can show the presence of
gas in the inversion cross-section. Meanwhile, the Mu-Rho parameter is an elasticity parameter that is
sensitive to changes in lithology. Based on Figure 5, the anomaly area or prospect zone has a lower
Lambda-Rho value (shown in yellow) than shale as the cover rock (shown in green-blue). This means
that the site is a reservoir of carbonate rock that contains gas fluid. The Lambda-Rho value is relatively
lower than 10 Gpa gr/cc. Meanwhile, the zones with higher Lambda-Rho values were identified as wet
zones. The analysis results on the target zone can be interpreted as an accumulation of gaseous carbonate
rocks at the height of the structure (fault). Meanwhile, Figure 6 shows the Mu-Rho value in the target
site near the well has a range between 44-65 Gpa gr/cc.

4. Conclusion

Based on the available data, the results of the AVO LMR analysis process and the inversion process
and elastic parameter estimation for fluid and lithology identification, conclude that Lambda-Rho can
identify fluids where the carbonate filled with liquid will have a Lambda-Rho value lower than the
carbonate that did not fill with fluid. Mu-Rho is very sensitive to lithology changes of carbonate rocks
that have a higher value than the shale value. The combination of Lambda-Rho and Mu-Rho can identify
hydrocarbon prospect areas, namely areas with high Mu-Rho and low Lambda-Rho values.
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