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Abstract

This study presents a geostatistical analysis of porosity in a reservoir, aiming to understand its spatial
distribution within the study area and to evaluate its potential for CO: storage applications. Descrip-
tive statistical analysis and histograms were used to assess the characteristics of data distribution and
their suitability for geostatistical modeling. An experimental variogram was constructed and fitted with a
spherical theoretical model to describe the spatial correlation structure. Ordinary kriging was applied to
estimate porosity and to generate spatial distribution maps, while kriging variance and Gaussian sequen-
tial simulation were used to evaluate spatial uncertainty. The resulting porosity model was subsequently
employed to simulate CO: storage under different injection configurations over a three-year period. The
results indicate a well-defined spatial correlation structure, reliable porosity estimation, and a meaningful
uncertainty analysis, providing a solid basis for reservoir evaluation and the feasibility of CO- storage.

Keywords: geostatistics, porosity, variogram, ordinary kriging, Gaussian sequential simulation, CO:
storage.

1. Introduction

Geostatistical analysis of reservoir properties represents an essential tool for analyzing the spatial distri-
bution of petrophysical parameters and for evaluating the storage capacity of geological formations. Po-
rosity, as one of the main properties of reservoir rocks, reflects their ability to accumulate and store fluids
and directly influences reserve estimation as well as the design of injection and production schemes.

Histograms and statistical indicators are used for the initial characterization of the data, enabling the
analysis of value distribution and the identification of key statistical parameters such as mean, variance,
minimum, and maximum. Variance plays a particularly important role in geostatistical analysis, as it
serves as the basis for constructing the experimental variogram and for evaluating the spatial correlation
structure of the data.

The experimental variogram is fitted with a theoretical model to determine the model parameters, such as
the sill and range, which describe the sphere of influence of the measurements and the degree of spatial
dependence. Subsequently, ordinary kriging is applied to estimate porosity in the studied area and to gen-
erate the corresponding maps, as well as to calculate the kriging variance, which expresses the uncertainty
of the estimation.

To further analyze spatial uncertainty, sequential Gaussian simulation is performed by generating possi-
ble realizations of porosity and the corresponding variance maps. The obtained results are then used for
CO: storage modeling in the studied reservoig, (v)vith the aim Eg),f; evaluating its potential for practical appli-
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cations in the fields of energy and environmental protection.

2. Materials and Methods
2.1 Data and Study Area

The data used in this study represent porosity measurements collected at sampling points identified as
ST3. A total of 563 measurement points is available, which serve as the basis for the statistical and geo-
statistical analysis of the reservoir. The data are distributed within a defined study area and represents real
values of the petrophysical parameters of the formation.
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Figure 1: Porosity dataset

The study area is discretized into a three-dimensional grid for the purposes of spatial estimation and the
generation of thematic maps. The grid dimensions and cell size are defined in accordance with the data
density and the level of detail required for the analysis.

2.2 Statistical Analysis and Histogram Construction

In the initial phase, a statistical analysis of the data is carried out to evaluate their distribution and to
identify the main statistical characteristics. Histograms are used as a graphical representation of the fre-
quency distribution of porosity values, enabling a visual interpretation of central tendency, dispersion,
and symmetry of the data.

For each dataset, statistical indicators such as mean, variance, minimum, maximum, median, and quar-
tiles are calculated. Variance, as a measure of data dispersion around the mean, serves as an important
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parameter for further geostatistical analysis and for the construction of the variogram.
2.3 Construction of the Experimental Variogram

To analyze the spatial correlation of the data, the experimental variogram is constructed. The variogram
describes how the similarity of porosity values changes as a function of the distance between measure-
ment points. It is calculated by analyzing pairs of points at different distances and along the main geolog-
ical orientation directions.

In general, the experimental variogram is characterized by an increase in its value with increasing dis-
tance until reaching a stable value known as the sill, while the distance at which stabilization occurs is
referred to as the range. The range represents the sphere of influence of a measurement and the distance
beyond which values are no longer considered correlated.

2.4 Variogram Fitting and Theoretical Model

The experimental variogram is fitted with a theoretical model to obtain a continuous mathematical func-
tion that can be used in kriging calculations. In this study, a spherical model is applied, and the corre-
sponding model parameters, such as sill, range, and nugget, are determined.

The model fitting is performed by achieving the best possible agreement between the experimental vario-
gram and the theoretical model.

2.5 Ordinary Kriging and Kriging Variance

Spatial estimation of porosity is performed using the ordinary kriging method, in which the mean is
assumed to be constant but unknown. The main condition of this method is that the sum of the kriging
weights equals one, ensuring an unbiased estimate and minimizing the estimation error variance.

For each grid cell, the estimated
porosity value and the kriging variance are calculated. The kriging variance represents the measure of
estimation uncertainty and is used to assess the reliability of the results.

2.6 Sequential Gaussian Simulation

To more comprehensively evaluate spatial variability and uncertainty, sequential Gaussian simulation is
applied. This method generates multiple realizations of the porosity distribution while honoring the var-
iogram structure and the statistics of the original data.

The simulation results are used to construct variance maps and to perform a probabilistic analysis of po-
rosity distribution within the reservoir.

3. Results
3.1 Statistical Analysis and Histograms

The statistical analysis of the porosity data includes the construction of histograms and the calculation
of the main statistical indicators. The histogram represents the frequency distribution of porosity values
and allows a visual assessment of the distribution shape, symmetry, and concentration of data around the
mean value.

The dataset includes a total of 563 measurement points. The mean porosity value is 0.2886, while the
variance is 0.0008196, indicating a relatively stable distribution of values. The maximum porosity value
is 0.374, whereas the minimum value is approximately 0.183. The median is 0.288, while the lower and
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upper quartiles are 0.271 and 0.308, respectively.

The histograms indicate an approximately normal distribution of the data, which justifies the application
of geostatistical methods and Gaussian simulation in the subsequent analysis.
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Figure 2: Histogram and descriptive statistical parameters of the ST3 porosity data

3.2 Experimental Variogram and Theoretical Model

The experimental variogram was constructed to analyze the spatial correlation structure of the porosity
data. Its calculation was performed by considering the main orientation directions and the distance inter-
vals between measurement points. The results indicate a progressive increase in variance with increasing
distance, until reaching a stable value known as the sill of the variogram.

The variogram fitting was performed using a spherical theoretical model, which provides the best agree-
ment with the experimental data. The model parameters describe the range of influence of the measure-
ments and the degree of spatial dependence of porosity within the studied area.

The statistical analysis of the data indicates an approximately normal distribution of porosity, with a total
of 563 measurement points. The mean value is 0.28862, the variance is 0.000819553, while the maximum
value is 0.374 and the minimum value is 0.183. The median is 0.288, whereas the lower and upper quar-
tiles are 0.271 and 0.308, respectively.

Variance represents an important indicator, as it serves as the basis for the construction and interpretation
of the variogram and for the evaluation of the spatial correlation structure of the data.

Var[x]= E|[(X - m)|

3.2.1 Construction of the Experimental Variogram

To determine the spatial correlation model of the data, which should reflect the spatial characteristics of
the phenomenon under study, the regional geological orientation provides the main directions for vario-
gram calculation. The experimental variogram is calculated using the following function:
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Here, denotes the number of data point pairs separated by a distance .

To calculate the experimental variogram, both the direction and the lag distance for which the variogram
function is to be estimated must be defined.

In general, the experimental variogram exhibits the following characteristics:
e It starts at or near zero for ;
e [t increases with increasing lag distance ;
o It continues to increase or stabilizes beyond a certain value of .

The value at which the variogram stabilizes is referred to as the sill. The distance at which stabilization
occurs is called the range. The range represents the distance beyond which and are no longer spatially
correlated and can also be interpreted as the “sphere of influence” of a measurement.

When the measurements are no longer correlated, their covariance approaches zero and tends toward .

After grouping the data according to the corresponding directional angles, five directional variograms
were obtained for the ST3 porosity data, along with one composite variogram. In this study, the experi-
mental variogram was analyzed primarily along the vertical direction.
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Figure 3: Experimental variogram and fitted spherical model

Spherical variogram model fitted to the experimental data (variance = 0.000819553).
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Figure 4: Fitted spherical variogram model
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3.3 Estimation of Porosity Using Ordinary Kriging

3.3.1 Grid Construction

The geostatistical estimation of porosity was performed using the ST3 dataset and the ordinary
kriging method. The data were initially mapped to analyze the spatial distribution of the measure-
ment points. Subsequently, porosity was interpolated over the entire study area, and the corre-

sponding map was generated.

Ordinary kriging is an estimation method in which the mean is assumed to be constant but un-
known. The main condition of this method is that the sum of the kriging weights equals one,
ensuring an unbiased estimate and minimizing the estimation error variance. In the case where
only one neighboring point is used for estimation, the kriging variance equals twice the variogram

value between the estimated point and the neighboring point.

For the estimation process, a three-dimensional grid was constructed to discretize the study area.

The grid dimensions are:

X =100 cells, Y =130 cells, Z = 14 cells.

The cell dimensions are:

AX=19.8 m, AY =19.8 m, AZ = 14 m.
This grid enables spatial representation of porosity and the generation of thematic maps.
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Figure 5: Spatial distribution of porosity estimated by ordinary kriging

The blue areas shown on the map indicate lower porosity values, whereas the orange and red areas
represent higher porosity values within the reservoir. The practical significance of porosity lies
in the fact that it reflects the storage capacity and fluid accumulation potential of the formation.
Hydrocarbon reserves in a reservoir layer are directly proportional to porosity.

3.4 Kriging Variance

The kriging variance was calculated for each grid cell and represents the degree of uncertainty
associated with the spatial estimation. Lower variance values are observed in areas close to the
measurement points, whereas higher values occur in regions farther from the available data.

The grid used for the variance analysis has the following dimensions:

X =40 cells, Y =52 cells, Z = 14 cells.

The cell dimensions are:

AX=49.5m, AY =49.6 m, AZ = 14.85 m.

This spatial distribution reflects the reliability of the kriging results and provides valuable infor-
mation for risk analysis and for planning future data acquisition.
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Figure 6: Spatial distribution of kriging variance
238 “OPTIME”



Ana Dindi, Enkela Karroci

3.5 Sequential Gaussian Simulation

Sequential Gaussian simulation was applied to generate alternative realizations of the porosity distribu-
tion while preserving the statistical properties of the data and the variogram structure. The simulation
results provide a more comprehensive representation of spatial variability and enable a probabilistic as-
sessment of uncertainty.

The variance map obtained from the simulation highlights areas with higher variability and contributes to
the evaluation of the reliability of the model.

¥ Show Bounding Box ‘

Properties

Colormap [rainbow -

025 026 028 03 032 033

Min 26758 Max 343588

Recompute MinjMax ‘

Volume Explorer

I Use Volume Explorer

Transparent Ranges (eg. 2, 4; 5,10)

025 D26 028 03 032 033

I™ Hide Volume

Add X slice -

- . —

Figure 7: A realization of the sequential Gaussian simulation and the corresponding variance map

3.6 CO: Storage Modeling

For the reservoir defined by the contours of the study area derived from the geostatistical analysis (2600 x
2000 x 270 m) and using the porosity obtained from the geostatistical modeling, CO: storage simulations
were performed for different injection well configurations. The simulations were carried out over a period
of three years.
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Figure 8: CO: storage simulation results
4. Discussion

The results of the statistical analysis indicate that the porosity data exhibit an approximately normal
distribution, providing suitable conditions for the application of geostatistical methods and Gaussian
simulation. The relatively low variance suggests a stable distribution of porosity values, although local
heterogeneity remains present.

The experimental variogram and its fitting with a spherical model demonstrate the existence of a well-de-
fined spatial correlation structure, confirming that porosity values are correlated within a certain range
of influences. The derived variogram parameters form the basis for reliable porosity estimation using
ordinary kriging.

The porosity map obtained from kriging highlights zones with higher storage potential and areas with
lower values, reflecting the heterogeneous nature of the reservoir. The analysis of kriging variance shows
that uncertainty increases with distance from the measurement points, emphasizing the importance of
data density in improving the reliability of spatial estimation.

The results of the sequential Gaussian simulation provide a more comprehensive representation of spatial
variability and enable a probabilistic assessment of uncertainty. This approach is particularly important
for practical applications where risk evaluation and decision-making optimization are required.

The CO: storage modeling, based on the porosity distribution derived from the geostatistical analysis,
demonstrates the potential of the reservoir for gas storage applications and contributes to the assessment
of environmental and energy sustainability in the studied area.

5. Conclusions

In this study, a geostatistical analysis of porosity data for a defined reservoir was conducted, including
histogram construction, experimental variogram modeling, fitting with a theoretical model, application of
ordinary kriging, and sequential Gaussian simulation.

The results indicate that the data are suitable for geostatistical modeling and that the spatial correlation
structure is stable and well-defined. Ordinary kriging enabled reliable porosity estimation and the gener-
ation of thematic maps, while kriging variance analysis and simulation provided valuable information on
spatial uncertainty.

The CO: storage modeling showed that the studied reservoir has potential for practical gas storage appli-
cations, contributing to resource management and the reduction of environmental impact.
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Future work may include the incorporation of additional data, more detailed anisotropy analysis, and the
integration of other petrophysical parameters to improve modeling accuracy.
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