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Abstract

A geostatistical approach was used to model porosity
of OBA field in onshore area of Niger Delta using sim-
ulation technique. The objective is to understand the
spatial distribution of porosity and characterize the de-
gree of heterogeneity of underlying formation. Porosity
data from twenty-two wells were loaded into SGeMS
software. Univariate statistical analysis, experimental
semivariogram and Sequential Gaussian Simulation
(SGS) were applied on the data. The data was close to
normal approximation of Gaussian based of the results
of univariate statistics. However, to construct and mod-
el horizontal and vertical semivariograms, the data was
log-normalized to reduce the coefficient of variation
and to get good fit of the model. Parametric semivar-
iogram model shows the range of 72-6480 m, nugget
effect of 0.006 and sills of 0.0095, 0.0099 and 0.0111.
Six realizations were generated using SGS algorithm
and the results suggest that any one of the realizations
can independently represents the true picture of the
subsurface geology within the study area. Ranking of
realizations shows realization 6 as the best and reali-
zation 2 as the lowest. This model could be used as an
initial condition for simulation of flow.
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Introduction

One of the common problem in earth sciences
is the delineation of subsurface properties from
sparse and limited number of wells. Such prob-
lem was addressed early via contouring which
is simple and gives clue about the trend of the
variables but the approach is not unique in its
result [1]. Later on this problem was addressed
through kriging which is robust, and consid-
ered powerful in estimation of the weight and
value of the regionalized variable on unsam-
pled locations, and the outcome of this estima-
tions is a deterministic model [1]. However, due
to the complexity in reservoir properties that
vary spatially, and sparseness of information,
it is not logical to assign only one value for re-
gionalized variable to construct unique deter-
ministic model of such variable for extremely
variable properties. As a result of this situation,
stochastic representation of regionalized vari-
able is the best, which follows the concept that
any regionalized variable exists as a random
variable with specific probability density asso-
ciated to it [2, 3].

Most geological phenomena are extraordinari-
ly complex in their interrelationship and vary
widely in geographical extension, and exact de-
scription of the geological feature is neither fea-
sible nor economically possible, therefore the
results are uncertain in most cases. Such geo-
logical feature can be described by stochastic
models that give different possible values of re-
alizations with acceptable measurement of er-
ror. A simulation method is more sophisticated
than a kriging process in that that it allows the
user not only to specify statistical anisotropy in
terms of semivariogram parameters as kriging
does, but also to model heterogeneity by add-
ing a random factor. Honoring spatial distribu-
tion and real value of the measured location is
corner stone in reducing risk and uncertainty,
and therefore stochastic simulation is the best
approach to address such cases. With stochastic
simulation, the geoscientist is better positioned
to evaluate which geological information is rel-
evant [4]. The ability to understand and predict
the possible spatial distribution of a property
with uncertainty is critical for understanding
geological heterogeneity such as grain size, li-
thology, texture, porosity, permeability, and
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diagenetic processes. Good prediction of these
properties is a sine qua non to proper decision
making, planning and management strategy.
Therefore, in this study, conditional sequential
Gaussian simulation (SGS), one of the stochas-
tic methods, is used on porosity data to char-
acterize and measure geological feature with
uncertainty.

Description and Geology of the
study area

The Niger Delta is situated at the apex of the
Gulf of Guinea on the west coast of Africa (Fig-
ure 1A). The ‘OBA ' field is located in the onshore
area of Niger-delta as seen in Figure 1B.

The clastic wedge of the Niger Delta occurs
along a failed arm of a triple junction systems
which was formerly emanated during the
breakup that occurred between South Ameri-
can and Africa plates. This process happened in
the late Jurassic [6]. Synrift sediments accumu-
lated during the Cretaceous to Tertiary, with the
oldest dated sediments of the Albian age. The
thickest successions of synrift marine and mar-
ginal marine clastics and carbonates were de-
posited in a series of transgressive and regres-
sive phases [5]. The Niger Delta clastic wedge
prograded into the Gulf of Guinea at increased
rate that remained steady so as to respond to
the evolution of these drainage areas and con-
tinuation of basement subsidence. The move-
ment of marine shales of the Akata formation,
which are deep-seated, over-pressured and
ductile, within the basin, led to the formation
of normal faults in the Niger Delta. The Akata
shale is believed to have deformed the clastic
wedge of the Niger Delta [5]. Majority of those
normal faults are syndepositional and pro-
duced at the time of progradation of the Delta.
The faulting styles produced in the Niger Delta
are simple rollover structures with clay filled
channel, growth faults, antithetic fault and col-
lapsed crest (Figure 2).

There are three major lithostratigraphic units
in the Niger Delta. These are Akata, Agbada and
Benin formations (Figure 3). Their depositional
environments include marine, deltaic to fluvial
environments [8].
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Figure 2: Niger Delta oil field structures and their associated traps [7].

The thickness of Akata formation is about
6,400 m at the centre of the clastic wedge. The
lithology of the formation are dark gray shales
and silts with streaks of sand (having origin tur-

bidite flow). The age of this Akata is from Pa-

leocene to Recent. It grades vertically into the
overlying Agbada formation [5].
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Figure 3: Stratigraphic column showing Formations in the
Niger Delta [10].

Agbada Formation is about 3960 m thick having
intercalations of sand and shale. These sands
and shales are formed in fluvial-deltaic envi-
ronment. The age of Agbada Formation ranges
from Eocene to Pleistocene.

Benin Formation is on the top of the clastic
wedge of Niger Delta. The top of this formation
is made up of the recent subaerially-exposed
delta top surface. The shallow part of this for-
mation consist of non-marine sands deposited
in either upper coastal plain or alluvial deposi-
tional environments [5]. The age is from Oligo-
cene to Recent [9].

The main oil reservoir in the Niger Delta is the
Agbada Formation [5]. The source rock in the
Niger Delta is the marine shale of Akata Forma-
tion and/or marine interbedded shale of the
Agbada Formation [5, 11]. The primary seal
rocks are the interbedded shale of the Agbada
Formation. However, the Agbada Formation
while suitable for petroleum accumulation, is
too deep to be relevant to groundwater stor-
age. There arises therefore the major difference
between the region where the petroleum geol-
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ogist is prospecting for oil, that is, the Agbada
Formation, and that, where the hydrogeologist
[ searching for water - the Benin Formation, in
the Niger Delta.

Materials and Methodology

The data consists of about 2396 porosity mea-
surements from 22 wells distributed in the
southwest (SW)-northeast (NE) direction in
the area. Sampling was done based on the flow
direction of the aquifer in the area. The spacing
between the well is irregular (Figure 4). Poros-
ity varies between 0.10 and 0.30. The porosity
data was estimated from sonic logs using equa-
tion 1. The depth of the wells varies from 120
to 500 m and penetrated the Benin Formation

At = Aty

Aty — Atpg

(1)

where: @ is the porosity, At is the zone transient
time (us/ft), At, is the transient time of fluid
(189 ps/ft for water), At__is the average time of
sandstone formation (52.6 ps/ft).
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Figure 4: Base map showing well locations.

304800

The data format was changed from excel format
to ASCII format and loaded to Minitab 17 well
by well to generate various graphical displays
of the data [12]. These graphs include histo-
gram, probability density function and cumula-
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tive density function. Minitab 17 software was
also used to compute statistics summary and
perform normality tests. Golden Surfer 9 was
used to develop base map of the wells in the
study area.

Descriptive statistics was used to interpret
different graph categories and to compare re-
sults. Then the data was displayed as box plot to
check for possible outliers. Our data was found
to be approximately close to Gaussian approxi-
mation of normal distribution. Semivariogram
plots were generated by calculating variogram
at different lags and azimuths using SGeMS
software. Then experimental semivariograms
were fitted with theoretical model (spherical
model). Parameters derived from fitted model
were used to identify anisotropy and structural
interpretation.

The study area was then gridded, and parame-
ters from semivariogram were used to krige the
study area. Afterward the SGS algorithm was
applied on the data. This algorithm simulates
nodes on a grid in random sequence by first
estimating the value at the selected node by
kriging with a local neighborhood of condition-
ing data, and then adding a random component
from a normal distribution with zero mean and
the kriging standard deviation. After simula-
tion, values are added to the conditioning set
for use in simulating additional nodes.

Results and Discussion

Descriptive Statistics

The statistical results of the wells show that the
porosity distribution ranges from 0.10-0.30
with a mean of 0.25. This porosity range is typ-
ical of sand/sandstone or shale. However, the
mean value indicates that it could represent
all the data i.e. normally distributed porosity is
equal to the mean or higher than mean. Anal-
ysis of quartiles for the porosity indicates that
25 % of the porosity data falls below 0.24 and
75 % falls below 0.30. The coefficient of vari-
ation (CV), standard deviation and variance of
the porosity are 0.21, 0.06 and 0.00349 respec-
tively. Coefficients of kurtosis and skewness for
the wells are -0.33 and -0.27 respectively. The
value of coefficient of kurtosis indicate that the
porosity distribution is platykurtic in shape
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Figure 5a: CDF and PDF of wells in the study area.

having flat top which results from large vari-
ations within observations. This means that
most of the porosity values are less clustered
around the mean with a fairly layout uniform of
data. This may indicate local variation in terms
of geology which may be as a result of faulting/
fracturing in the area [3].

Figure 5a shows the Cumulative Distribution
Function (CDF) and Probability Density Func-
tion (PDF) for the wells. The CDF and PDF re-
veal normally distributed porosity data. Fig-
ure 5b shows the outliers tests performed on
the wells while Figure 5c shows the graphical
display of two normality tests for the wells. It
was revealed from these tests that the porosi-
ty is normally distributed with a very minute
outliers. The outlier porosity values were fil-
tered out.
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Figure 5c¢: Anderson-Darling and Kolmogorov-Smirnov normality tests for the wells.

Experimental Semivariogram

Semivariogram of the data shows structural
variability and continuity at major direction
azimuth 45, minor direction azimuth 135, and
vertical direction with range of 6480, 1750 and
72 m respectively (Figure 6a-c; Table 1). Based
on these range of values, the porosity in the
study area exhibits anisotropic geometry in all
directions. Also, the structural variances (C) of
the horizontal direction (0.0039 and 0.0051)
are greater than the vertical direction (0.0035).
This suggests that porosity in the horizontal
direction shows more variability than verti-
cal direction because the space between two
points in the horizontal direction (near 500 m
or more) is greater than vertical direction (less
than 30 m). This might indicate change in fa-
cies, intensity in cementation, or secondary

RMZ - M&G | 2017 | Vol.64 | 021-034

porosity that could be caused by fracturing in
horizontal direction. The small nugget value
shows that there is a small scale variation in the
subsurface structure that might be a result of
higher degree of cementation or fracture in the
subsurface.

The range and nugget effect imply that the
length of the spatial autocorrelation is longer
than the sampling interval of 72 m in vertical di-
rection. Therefore, the sampling design is good
for this study and it is expected that a good spa-
tial structure will be shown on the interpolated
map in further study.

The differences in range suggests the ellip-
tic shape of the semivariogram structure. The
sills of parametric semivariogram model are
0.0095 in vertical direction and 0.0099 and
0.0111 in horizontal directions (theoretically
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Table 1: Semivariogram parameters.

. . Nugget/Sill
Azimuth Nugget Sill Range (m) ratio (%) Model Type
45 0.006 0.0099 6480 60.6 Spherical
(Major Direction) ' ' ' p
135 0.006 0.0111 1750 54.1 Spherical
(Minor Direction) ' ’ ’ p
Vertical 0.006 0.0095 72 63.2 Spherical
Table 2: Spatial Dependence of Variables [14].
Nugget/Sill Ratio (%) Inference
<25% Strong Spatial
Dependence
25%-75% Moderate Spatial
Dependence
~7504 Low Spatial
Dependence

equal to the variance of the data, [13]. This sug-
gests that the spatial structure exhibits geomet-
rical anisotropy in porosity distribution as seen
in Figure 6a-c.

As observed in Table 2, the nugget/sill ratio of
porosity for all the semivariogram models are
moderate based on the classification by Wei et
al, 2007. This suggests that the porosity in the
study area has a moderate spatial dependence
and as a result, local variations within the study
area might be captured.

Kriging

The kriging models (Figure 7) show variabili-
ty in porosity distribution both laterally and
vertically which suggests the heterogeneity of
underlying features within the study area. It
also reveals interbedded horizontal layering of
geologic materials. The kriging variance map
(Figure 8) shows principally high errors or un-
certainty outside the zone of influence. This
may be attributed to data quality or lack of data
outside zone of influence

RMZ-M&G | 2017 | Vol.64 | 021-034

Figure 7: Kriging map.

Figure 8: Kriging variance.
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Figure 9: Realizations 1 and 2.

Simulation Realizations

Figures 9-11 show six realizations generated
using conditional SGS algorithm. Visual obser-
vation shows that the models are similar in
terms of variability. The similarity of statistics
of the models (Table 3) suggests that each of
the realizations can independently represent
the true picture of the subsurface geology with-
in the study area. The outputs are set of proba-
bilistic models, which can serve as a measure of
uncertainty in predicting porosity distribution
within the study area.

Generally, they all show variability in poros-
ity distribution both laterally and vertically,
which suggests the heterogeneity of underly-
ing features within the study area. The statis-
tical summary (Table 3) is very similar in all
respects. The mean porosity of the six realiza-
tions ranges from 0.24 to 0.25, which is very
close to the mean of the real data (0.25). The
coefficient of variation of the models ranges
from 0.067 to 0.081, while that of the real data
is 0.081.

Q-Q plot (Figure 12a-f) is a confirmatory test
for normality of the generated realizations,
which clearly shows positive slope, and align-
ment of the data along a straight line.

Based on the summary statistics and Q-Q plots
of the realizations, we ranked the realizations
(Table 4). Realization 6 among others appears
most true with less uncertainty to represent

Figure 10: Realizations 3 and 4.

Figure 11: Realizations 5 and 6.

the subsurface geology of the study area. This
model could be incorporated in any data anal-
ysis of the field in order to effectively improve
the prediction of porosity and reduce uncer-
tainty. Also, the porosity model could be used
as an initial condition for simulation of flow in
the field.
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Table 3: Statistics summary of realizations

Realization Standard

Maximum Median Minimum Mean . .. (7 Variance
No deviation
1 0.28 0.24 0.22 0.25 0.041 0.0739 0.0017
2 0.29 0.23 0.22 0.24 0.034 0.064 0.0012
3 0.28 0.24 0.22 0.25 0.038 0.068 0.0014
4 0.29 0.25 0.22 0.24 0.036 0.067 0.0013
5 0.28 0.25 0.22 0.25 0.044 0.079 0.0019
6 0.28 0.25 0.22 0.25 0.045 0.081 0.002
Real Data 0.28 0.25 0.22 0.25 0.099 0.081 0.002
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Figure 12: Q-Q Plot of (a) realization 1 (b) realization 2.
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Table 4: Ranking of porosity models.

Rank Realization No
1 6
2 5
3 1
4 3
5 4
6 2
Conclusions

We have used a geostatistical technique to
model porosity data in ‘OBA’ field, onshore
Niger Delta. The porosity range in the area is
0.10-0.30 after filtering of outliers, which sug-
gests that the lithology could be sand or shale.
The standard deviation for the entire field
ranges from 0.04-0.08, coefficient of variation
ranges from 0.15-0.28. Based on this, linear
and parametric geostatistics were employed to
process the data in order to build geostatistical
model of the subsurface geology. The semivar-
iogram shows the major direction of continuity
“azimuth of 45”, spherical geometrical anisot-
ropy. Kriging map shows clearly vertical and
horizontal heterogeneity of the study area and
subsurface interbedded layers, which agrees

RMZ - M&G | 2017 | Vol.64 | 021-034

with the result of the semivariogram. However,
kriging variance model indicates high value of
error outside the zone of influence which may
be due to insufficient number of the well data.
Six realizations were generated and the results
indicates that any one of the realizations can
independently represent the true picture of the
subsurface geology within the study area with
realization 6 ranked as the best and realization
2 as the lowest. We therefore recommend that
geostatistical estimation and simulation to be
incorporated in any geologic data analysis and
that integration of more than one variable from
multiple sources will effectively improve the
prediction and reduce the uncertainty.
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