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ABSTRACT
This study assessed two hydrocarbon reservoirs A and B in 'AMESERE' Field within the Miocene Agbada
Formation by utilizing quantitative, deterministic and stochastic simulation workflows on some
petrophysical parameters (gross pay, net pay, porosity and water saturation) obtained from irregularly
distributed 24 well logs that penetrated the reservoirs. This was with a view to modelling the spatial
variability and field-wide extrapolated heterogeneity models of the reservoir across the study area. Average
unbiased estimation maps constrained by exponential variogram models of the parameters data were
produced and used as inputs for Sequential Gaussian Simulation (SGSIM), a modelling algorithm to produce
fifty (50) equally probable realizations. These were used to risk the parameters at different probability levels.
In reservoir A at P10, P25, P50, P75 and P90, simulated gross pay was between 11.13 and 22.29 m; net pay
was between 2.41 and 13.50 m; porosity was between 18.00 and 33.00%; and water saturation was between
14.02 and 74.96% respectively. In reservoir B at P10, P25, P50, P75 and P90, simulated gross pay was
between 17.85 and 57.28 m; net pay was between 5.55 and 49.64m; porosity was 22.00 and 33.00%; and
water saturation was between 10.57 and 88.77% respectively. These results are consistent with geostatistical
modelling because they show different plausible realizations that quantify varying risks in the distribution of
the petrophysical data within the reservoirs.

1.0 Introduction
Subsurface property estimation from remote
geophysical measurements is always subject to
uncertainty, due to many inevitable difficulties
and ambiguities in data acquisition, processing,
interpretation and insufficient data sets (Avseth,
et al., 2007; Schiozer, et al., 2004). Hence,
uncertainty and heterogeneity delineation is a
key factor in reliable reservoir characterization.
Geostatistics employs statistical approach to
provide solutions to problems covering broad
geological and environmental areas (Zamani
and Mirabadi 2011; Caridad and Jury 2013;
Gorai and Kumar 2013; Méli'i et al. 2013;
Nshagali et al. 2015; Arétouyap et al. 2015). Its
distinctive feature is its inclination towards

spatial characterization as opposed to traditional
sampling techniques, tailored to eliminate
spatial dependencies (Hack, 2005). This in turn
provides a probabilistic means to reliably
estimate a set of data, where samples are not
observed (Deutsch, 2002). With geostatistical
simulations, geologically reasonable spatial
correlation and small-scale variability are added
(Caers, 2000; Shiozer, et al., 2004; Avseth, et al.,
2007; Bohling, 2007). The results must be
interpreted and validated in light of reservoir
geology and available reservoir
information/principles (Chambers et. al., 2000).
This study, therefore, seeks to model the spatial
variability and field-wide extrapolated
heterogeneity characteristics
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of the parameters of two hydrocarbon reservoirs
in “AMESERE” Field using geostatistical
estimation and simulation techniques on 24
irregularly spaced wells. This is with the aim to
ach iev in g bo th s tatis tical and s p atial
representation in the estimation and simulation
of the parameters beyond well controls. The
results would guide the decision making process
for cautious and optimal hydrocarbon
exploitation from the two reservoirs.
2.0 REGIONAL GEOLOGIC SETTING
AND STRATIGRAPHY OF THE NIGER
DELTA
The Niger Delta oil and gas province is located
in Southern Nigeria between Latitudes 40N and
60N and Longitudes 30E and 90E (Nwachukwu
and Chukwura, 1986). The Tertiary Niger Delta
covers an area of approximately 75,000km2 (46,
575 mi2) and estimated to be 9000 12000m
(29,529 39,372 ft) thick. It is bounded by the
Abakaliki Trough in the Northeast (Short and
Stauble, 1967; Merki, 1972). Westward, the
delta complex merges across the Benin Hinge
Line and Okitipupa High into Dahomey Basin.
In the East, the delta is bounded by a line of
volcanic rocks, comprising the Cameroon
volcanic zone and Guinea ridge (Ete-Efeotor,
1997) with structures like the Calabar Flank.
The Chain and Charkot oceanic transform faults
propagation controlled Niger Delta subsidence
(Reijers, 1996). The southward progradation of
the Niger Delta was accomplished by a stepwise
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build-out of fluvio-marine offlap sequences
controlled by subsidence along synsedimentary
faults, and punctuated by rapid shifts from
depobelts to the next (Fig. 1a). These sudden
shifts, recognized by the rapid seaward advance
of alluvial sands over the thick paralic sequence,
form the escalator regressive style (Knox and
Omatsola, 1989). The main characteristic of this
regression the rapid advance of alluvial sands
is due to the cessation of subsidence in a
depobelt and the continuation of sediment
supply (Doust and Omatsola, 1990). Short and
Stauble (1967) first named the three subsurface
units as Akata, Agbada and Benin Formations
(bottom to top), in the Cenozoic Niger Delta (Fig
1b). The Akata Formation consists of dark-grey,
marine, pro-delta shales, which are often
overpressured while the Agbada Formation is a
paralic sequence, characterised by intercalation
of sandstones and shales. It is the main
hydrocarbon-bearing formation in the Niger
Delta. Growth faults partly influence variations
in thicknesses and depths to sand bodies. The
Benin Formation is the topmost unit and is
mostly continental, freshwater-bearing sands.
All the formations are diachronous and range in
age from Eocene to Holocene (Fig. 1b). The
'AMESERE' Field (Fig 1c) lies in the shallow
offshore, western Niger Delta. The field is
situated within the paleogeographic zone
refered to as the Upper Miocene/ Pliocene/
Pleistocene of the delta formation cycle (EtuEfetor, 1997).
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Figure 1: (a) Niger Delta regional map of the escalator-like geometry forming six depobelts (after Knox and Omatsola 1989; Doust and
Omatsola, 1990) and (b): Stratigraphic column of the Formations of the Niger Delta (after Doust and Omatsola, 1990). (c) Location map
of the study area

3.0 METHODOLOGY
3.1 B A S I C C O M P U T A T I O N O F
SAMPLED RESERVOIR PARAMETERS
The reservoir parameters, namely, gross pay
(Gpay), net pay (NPay), porosity (Φ), and water
saturation (Sw) were intially calculated from the
combined use of gamma ray, resistivity, density
and neutron logs, from the 24 well logs.
3.1.1 POROSITY (Φ)
The porosity was computed by averaging the
value from the measurements obtained from the
neutron porosity (ΦN) and the density (ΦD) logs
using equation 1.
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Φ=

Φ2

(

Φ 2 0.5

(

(1)

N- D
2

Where Φ is the computed porosity.
3.1.2 WATER SATURATION
Water saturation (Sw) was obtained from
electrical logs via Archie's equation:

FRw
Sw = Rt

(2)

Where the true resistivity of the formation, F is
the formation factor and Rw resistivity of the
formation water.
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3.1.3 GROSS PAY (GPAY)
The gross pay was obtained using the
combination of the gamma ray and the
resistivity logs for the hydrocarbon bearing
intervals. It is the thickness of the
stratigraphically defined interval in which the
reservoir beds occur, including such nonproductive intervals interbedded between the
productive intervals.
3.1.4 NET PAY (NPAY)
The net pay was obtained using the combination
of the gamma ray and the resistivity logs for the
hydrocarbon bearing intervals. It is the thickness
of those intervals in which porosity and
permeability are known or supposed to be high
enough for the interval to be able to produce oil
or gas.
3.2 GEOSTATISTICAL ANALYSIS OF
THE RESERVOIR PARAMETERS
The geostatistical analysis of the reservoir
parameters above was achieved in three steps (1)
variogram modelling, (2) estimation using
ordinary kriging (OK), and (3) simulation using
the sequential Gaussian simulation (SGSIM)
method. The reservoir data sets were set up in
the Geostatistical Library (GSLIB) format
(Bohling, 2007). It adopted a simple American
Standard Code for Information Interchange
(ASCII).
3.2.1 VARIOGRAM MODELLING
A semivariogram is a statistically based
quantitave description of a surface used for the
characterization of spatial continuity, roughness
and correlation of a dataset (Bohling, 2007). Its
characteristics include the range, sill nugget and
distance (Chilès and Delfiner 2012). Range is
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the lag distance (h) at which the variogram (or
semivariogram component) reaches the sill
value. This is the distance, h from the origin to
the point where the model reaches a constant
value or sill. The range is the distance after
which the variogram levels off. The physical
meaning of the range is that pairs of points that
are this distance or greater apart are not spatially
correlated. The sill represents the maximum
variance. It is the total variance contribution, or
the maximum variability between pairs of data
pairs; at the point where the sill levels off, there
is no longer variation (spatial relationship)
between data pairs. The nugget is the y-intercept
of the variogram. It represents the short range
variability (noise) in the data. Other acceptable
models are spherical, exponential, Gaussian,
power and nugget effect models (Remy, 2004;
Bohling, 2007; Remy et. al., 2009; Chilès and
Delfiner 2012). They must be technically nonnegative definite for the system of kriging
equations to be non-singular (Ubulom and
Nwachukwu, 2014). Empirical spherical and
exponential semivariogram models were fitted
to the calculated reservoir parameters
interactively with no significant difference. In
practice, only the experimental variogram
(Equation 3) is calculated from observed
(existing) data.
g ( h) =

1 N (h)
w
z (ua ) - z (ua + h)

2 N (h) a =1

(3)

where γ(h) is the estimated value of the
semivariogram for lag (h); N(h), the number of
pairs of points separated by distance h; z(uα) and
z(uα + h) are values of z at positions uα and uα +
h, respectively. For w= 2, semivariogram;
madogram ( w= 1); and rodogram ( w= ½)
(Deutsch and Journel, 1992). However, in this
study, the exponential model defined
mathematically in Equation 4 was employed for
the kriging and simulation processes in this
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work.

g(h)=c [1 - exp ( - a )]
3h
-

(4)

Where c = contribution or sill (a measure of
variance), a = practical range, h = lag distance.
The three parameters are of interest because they
serve as inputs to the ordinary kriging estimation
and sequential simulation.
3.2.2 ESTIMATION USING ORDINARY
KRIGING TECHNIQUE
Kriging is an optimal interpolation process that
generates (using observed data) best linear
unbiased estimate (BLUE) at a new location
where there is/are no observed data (Bohling,
2005). It employs semivariogram model.
Kriging assigns weights to a data-driven
weighting function, not arbitrary function, while
it remains an interpolation algorithm, yielding
results close to others in many cases (Isaaks and
Srivastava, 1989). Kriging gives us an estimate
of both the mean and standard deviation of the
variable at each grid node, meaning that we can
represent the variable at each grid node as a
random variable following a normal (Gaussian)
distribution. There are four (4) types of kriging:
simple kriging (SK), Ordinary kriging (OK),
kriging with polynomial trend (KT) and simple
kriging with a locally varying mean (LVM)
(Goovaerts, 1997; Pebesma, 2003; Bohling,
2007; Remy et. al., 2009). The ordinary kriging
was used in this work for the deterministic
estimation. It is considered to be the most
straight-forward since it is the only algorithm
that can compute from semi-variogram (or covariogram) relationship without having to
provide additional qualifying data or pre- or
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post-manipulation of the sample data or kriging
results (Krige, 1996; David, 1977; Bohling,
2005; Falebita et al., 2014). The ordinary kriging
estimates the value of a point from a set of
nearby random variables (Isaaks and
Srivastava, 1989). The system includes linear
equations with unknowns such that:

l0k (u) = K-1k

(5)

Where K is the matrix of covariances between
data points with elements Ka,b = CR (ua-ub). k is
the vector of covariances between the data
points and the estimation point with elements
given by Ka = CR (ua-u) and lok(u) is the vector of
ordinary kriging weights for the surrounding
data points (Krige, 1996; Bohling, 2007).
-1
Multiplying K by K will downweight points
falling in clusters relative to isolated points at
the same distance (Krige, 1996; Bohling, 2007).
3.2.3 SEQUENTIAL GAUSSIAN
SIMULATION TECHNIQUE (SGSIM)
Simulation is the process of building
alternatively equally probable realizations
based on spatial distribution of a variable and it
provides alternative numerical models, each
being a good representation of the reality
(Bohling, 2007; Cabello et al., 2007). The
alternative realizations provided through
simulation permit determination of differences
and are measures of joint spatial uncertainty.
Rather than choosing the mean as the estimate at
each node, the SGSIM chooses a random
deviate from this normal distribution, selected
according to a uniform random number
representing the probability level (Srivastava,
1994; Hohn, 1988; Bohling, 2007). The SGSIM
employs the mean and variance of kriging in
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which the trend component is assumed to be
constant and mean is known. It is a form of
simulation tool used for continuous variables
like porosity, permeability, water saturation etc.
The basic steps in the SGS process are to (1)
generate a random path through the grid nodes,
(2) visit the first node along the path and use
kriging to estimate a mean and standard
deviation for the variable at that node based on
surrounding data values, (3) select a value at
random from the corresponding normal
distribution and set the variable value at that
node to that number, and (4) visit each
successive node in the random path and repeat
the process, including previously simulated
nodes as data values in the kriging process. The
random path is to avoid artifacts induced by
walking through the grid in a regular fashion.
While the inclusion of previously simulated grid
is to preserve the proper covariance structure
between the simulated values (Hohn, 1988;
Srivastava, 1994; Bohling, 2007). Fifty
realizations of the computed reservoir
properties were simulated.
4.0 Results and Discussion
4.1 I n i t i a l l y C o m p u t e d R e s e r v o i r
Parameters
Table 1 contains minimum, maximum and
average reservoir parameters initially obtained

on the two reservoirs from 24 wells. The tops
and bases of the reservoir A range between 1716
m and 2067 m; while they range between 1821
m and 2123 m in reservoir B respectively. The
gross pay ranges between 3 m and 17 m in
reservoir A with an average of about 12 m and
between 6 m and 57 m in reservoir B with an
average of about 24 m. The gross pay interval is
twice as big in reservoir B compared to reservoir
A.
The net pay ranges between 2 m and 14 m in
reservoir A with an average of 7.2 m and
between 6 and 50 m in reservoir B with an
average of 22.8 m. The net pay interval which is
of interest is approximately thrice as big in
reservoir B compared to reservoir A. The
porosity values range between 18 and 33% in
reservoir A with an average of 25.9% and
between 22% and 33% in reservoir B with an
average of 27.2%. The water saturation ranges
between 14% and 75% in reservoir A with an
average of 41.4% and between 20% and 89% in
reservoir B with an average of 59.6%. These
average values are only statistically and not
necessarily spatially correlative. Hence, their
limitation to within well locations. Figure 2 is a
representative display of the correlation of the
two reservoirs across three wells, namely AME
19, 21 and 22. The two reservoirs are
hydrocarbon bearing with water dominating

Table 1: Initially computed average reservoir parameters from 24 wells
Reservoir A

Top (m)

Base
(m)

Average
Minimum
Maximum

1812.82 1830.05
1716
1735
2067
2085

Reservoir B

Top (m)

Average
Minimum
Maximum

1908.43 1940.49
1821
1855
2123
2145

Base
(m)
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Gross Pay
(m)

Net Pay
(m)

12.16
3
17

7.16
2
14

Gross Pay
(m)

Net Pay
(m)

24.12
6
57

22.84
6
50

Porosity (%) Water Saturation (%)

25.9
18
33

41.4
14
75

Porosity (%) Water Saturation (%)

27.2
22
33

59.6
20
89

Falebita et al

Falebita et al/JEAR 1 (1) (2018) (1-15)

4.2 MEASURES OF GEOLOGIC
CONTINUITY
Figure 3 shows the experimental variogram
models which are measures of geologic
continuity with lag (distance) for the four
different parameters, namely gross pay, net pay,
porosity and water saturation in reservoirs A and
B. The horizontal and vertical dotted lines
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represent the sills and ranges respectively.
The range represents maximum limit of distance
of usefulness of the data while the sill represents
maximum variance in the data set. The geologic
continuity varies as expected for the parameters
with lag distances in each reservoir. In reservoir

Figure 2: Lithologic correlation of reservoirs A and B using gamma ray and resistivity logs across representative three wells.

The range represents maximum limit of distance
of usefulness of the data while the sill represents
maximum variance in the data set. The geologic
continuity varies as expected for the parameters
with lag distances in each reservoir. In reservoir
A, the gross pay has a sill of 304,000 and range
of 3750 m; net pay has a sill of 200,000 and
range of 3000 m; porosity has a sill of 290,000
and range of 2900 m; while water saturation has
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a sill of 300,000 with a range less than 2500 m.
In reservoir B, the experimental variogram
model for gross pay has a sill of 235,000 and
range is about 1200 m; net pay has a sill of
200,000 with a range of about 1100 m; porosity
has a sill of 230,000 with a range of about 1300
m; while water saturation shows the sill
contribution of 265,000 with a range of about
1100 m.

Falebita et al

Falebita et al/JEAR 1 (1) (2018) (1-15)

8
The variance (sill effect) is generally higher and
the range longer for the parameters measured in
reservoir A compared to reservoir B. The
implication is that variability in parameter
estimation is expected to be higher and much
more extensive in reservoir A compared to
reservoir B.

4.3 THE AVERAGE UNBIASED
ESTIMATES
The deterministic estimates (ordinary kriging
estimation) constrained by the variogram
models give average unbiased outlooks of the
different parameters in each reservoir (Figures 4
and 5). The estimates are statistically and
spatially correlated/constrained beyond well
controls.

Figure 3: Experimental variogram models for the gross pay, net pay, porosity and water saturation for reservoir A and reservoir B
where the horizontal and vertical dotted lines represent the sills and ranges respectively.
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4.3.1 RESERVOIR A
Figure 4a shows the distribution of gross pay of
the reservoir across the study area. It shows that
the gross pay varies between about 11 m to over
22 m. The gross pay represents the hydrocarbon
portion of the reservoir that still has some
shaliness. The thicker gross pay parts are in the
far northwestern and southeastern parts with
thickness values greater than 18 m. The thinner
parts approximately trend northeast-southwest
in the middle of the study area with values less
than 16 m. Figure 4b indicates the reservoir
estimated net pay thickness map. The net pay
represents the hydrocarbon portion of the
reservoir with negligible shaliness (otherwise
referred to as clean sand). It shows that net pay
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varies between about 1.5 m to above 14 m. The
thinnest parts are the southernmost part with
values less than 5 m; while the northern most
parts have values approximately above 10 m.
The majority of the wells (17 out of 24 wells)
penetrated the reservoir in the central-tonorthern part of the area having at least more
than 5 m net pay thickness (Figure 4b). The
difference between the gross pay and net pay
maps is a measure of the degree of shaliness in
the reservoir. Shaliness increases southward in
this reservoir because it is inversely proportional
to net pay (Figures 4b). Figure 4c shows the
distribution of the porosity in the reservoir.
Porosity varies between about 18% to above
33%.

Figure 4: Average unbiased estimate maps of (a) Gross Pay, (b) Net Pay, (c) Porosity and (d) Water Saturation
for Reservoir A.
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The majority of the wells (except AME 25 and
AME 35) are located on the parts that have more
than 23% porosity. Figure 4d shows the water
saturation distribution in the reservoir. The
water saturation varies between 10% in the
northeastern part and over 75% in the
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northwestern part of the area. In other words,
hydrocarbon saturation is highest (about 90%)
in the northeastern part compared to the
northwestern end of the study area where it is
about 25%. The porosity and hydrocarbon
saturation are increasing northeastward.

Figure 5: Average unbiased estimate maps of (a) Gross Pay, (b) Net Pay, (c) Porosity and (d) Water Saturation for Reservoir B

4.3.2 RESERVOIR B
In reservoir B, Figure 5a is the distribution of
gross pay of the reservoir across the study area.
It shows that the gross pay varies between 16 m
and about 60 m. The gross pay generally
increases northeastward. More wells (about 13
wells) penetrated the reservoir at portions with
above 30 m gross pay compared to portions
below 30 m. Figure 5b indicates the reservoir
estimated net pay thickness map. It shows that
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net pay varies between about 4 m and above 54
m. The northeastern part has the thickest net pay
(about 38 m) while the southwestern part has the
thinnest net pay (below 20 m). The net pay is
generally similar to the gross pay map in
distribution pattern for this reservoir. The
shaliness (difference between the gross pay and
net pay) is about 12 m in the southwestern part
but less than 7 m in the northeastern part of the
area. In other words, shaliness increases
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southwestward. The majority of the wells (16
out of 24 wells) penetrated the reservoir at
portions with net pay thickness more than 20 m.
Figure 5c shows the distribution of the porosity
in the reservoir. Porosity varies between 22%
and above 33%. Ten of the wells penetrated the
reservoir at portions with less than 26%
porosity. Figure 5d shows the water saturation
distribution in the reservoir. The water
saturation varies between 15% and 90% in the
reservoir. The hydrocarbon saturation is highest
(about 85%) at the centre compared to other
places. This central part with less than 26%
porosity has higher hydrocarbon saturation
probably due to local uplift or heterogeneity
effect as a result of differential compaction
within the reservoir.
4.4 ASSESSMENT OF PARAMETERS AT
DIFFERENT RISK LEVELS
Unlike the deterministic estimates of the
reservoir parameters which give average values,
the stochastically simulated parameters give a
measure of risk of the estimated values. The
probability distributions of the reservoir
parameters are presented in percentiles (Table
2). P10 and P25 represent 10% and 25% risk a
parameter would be less than a given threshold
respectively; P75 and P90 represent 25% and
10% risk a parameter would be more than a
given threshold; while P50 which indicates 50%
means equal chance of being less or more than a
given threshold.
In reservoir A, at P10 there is a 10% risk of
having a gross pay less than the range of 11.13
11.27 m; net pay less than 2.41 2.70 m;
porosity less than 18.00 18.49% and water
saturation less than 14.02 14.38% respectively.
At P25, there is a 25% risk of encountering gross
pay less than the range of 13.08 14.90; net pay
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less than 4.49 6.40 m; porosity less than 20.28
27.12%; and water saturation less more than
27.12 31.74% respectively. At P50 there is an
equal chance (50%) of having gross pay less or
more than the range of 16.07 -17.58 m; net pay
less or more than 7.01 -10.50 m; porosity less or
more than 24.29 27.00%; and water saturation
is less or more than 41.55 - 47.17% respectively.
At P75, there is a 25% risk of having gross pay
more than the range of 18.62 20.28 m; net pay
more than 9.96 13.50 m; porosity more than
27.61 30.10%; and water saturation more than
50.25% - 62.08% respectively. At P90, there is a
10% risk that the gross pay is more than 22.17
22.29 m; net pay more than 13.07 13.50 m;
porosity more than 32.55 33.00%; and water
saturation more than 74.41 74.96%
respectively.
Similarly in reservoir B, there is a 10% (P10)
risk of having gross pay less than the range of
17.85-19.64 m; net pay less than of 5.55 - 5.78
m; porosity less than of 22.00 - 22.15% and
water saturation less than 10.57 - 19.91%
respectively. At P25, there is a 25% risk that the
gross pay is less than the range of 25.11 - 30.18
m; net pay less than 15.22 - 17.92 m; porosity
less than 24.09 - 25.65%; and water saturation
less than 33.91 - 39.01% respectively. At P50
there is an equal chance of having gross pay less
or more than the range of 33.25 - 39.82 m; net
pay less or more than 26.95 - 29.07 m; porosity
less or more than 26.73 - 28.23%; and water
saturation is less or more than 50.24 - 56.25%
respectively. At P75, there is a 25% risk of
having gross pay more than the range of 41.75 49.75 m; net pay more than 37.05 - 40.49 m;
porosity more than 29.45 - 30.80%; and water
saturation more 68.33 - 73.43%. At P90, there is
a 10% risk that the gross pay would be more than
56.50 - 57.28 m; net pay more than 49.39 - 49.64
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m; porosity more than 32.72 - 3.00%; and water
saturation more than 88.23 - 88.77%
respectively.

Table 2: Stochastically simulated reservoir parameters at different risk levels for reservoirs A and B

Parameter/Reservoir
Gross Pay (meters)
Probability
P10
P25
P50
P75
P90
Net Pay (meters)
Probability
P10
P25
P50
P75
P90
Porosity (%)
Probability
P10
P25
P50
P75
P90
Water Saturation (%)
Probability
P10
P25
P50
P75
P90

Reservoir A
Minimum
11.13
13.08
16.07
18.62
22.17

Maximum
11.27
14.90
17.58
20.28
22.29

Minimum
17.85
25.11
33.25
41.75
56.50

Maximum
19.64
30.18
39.82
49.75
57.28

Minimum
2.41
4.49
7.01
9.96
13.07

Maximum
2.70
6.40
10.50
13.50
13.50

Minimum
5.55
15.22
26.95
37.05
49.39

Maximum
5.78
17.92
29.07
40.49
49.64

Minimum
18.00
20.28
24.29
27.61
32.55

Maximum
18.49
27.12
27.00
30.10
33.00

Minimum
22.00
24.09
26.73
29.45
32.72

Maximum
22.15
25.65
28.23
30.80
33.00

Minimum
14.02
27.12
41.55
50.25
74.41

Maximum
14.38
31.74
47.17
62.08
74.96

Minimum
10.57
33.91
50.24
68.33
88.23

Maximum
19.91
39.01
56.25
73.43
88.77

The significance of these analyses is that at any
given point in the reservoirs over the study area,
there is a quantifiable level of risk (or
uncertainty) associated with any estimated
reservoir value which must be factored into
immediate and future decision making process
regarding the reservoirs for cautious and optimal
hydrocarbon exploitation.

A Geosta s cal Risk Assessment of the Hydrocarbon
Poten al in “Amesere” Field, Niger Delta, Nigeria

Reservoir B

5.0 CONCLUSIONS
The spatial distribution and risks associated with
the reservoir properties of two variably thick,
hydrocarbon reservoirs within the 'Amesere'
Field have been assessed using the geostatistical
techniques. The geostatistical techniques
involved quantification of geologic continuity
with the variogram models, determination of
deterministic unbiased estimates using the

Falebita et al
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ordinary kriging and conditional simulation
using the sequential Gaussian simulation
technique. The study provided probable
interwell distribution, variabilities and risks
associated with the reservoir data distribution in
the two reservoirs over the study area on and
beyond well controls. The random combination
of these parameters at different risk levels
appraises the risks associated with the
hydrocarbon potential of the field. These results
are consistent with geostatistical modelling that
could help with optimum decision on field
hydrocarbon prospectivity.
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