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Abstract

Permeability prediction is a crucial aspect of reservoir characterization, typically derived from core analysis.
Using mercury injection test data, permeability can also be predicted. Various models have been proposed for
permeability estimation, with their coefficients depending on the pore geometry, rock heterogeneity, and pore
throat size. Most existing models rely on a single saturation point or parameter, such as 35% or 25% mercury
saturation, or the weighted geometric mean of pore throats and porosity. This study introduces a new empirical
model that combines multiple effective parameters to estimate permeability. A total of 50 carbonate samples were
used to develop the model, with 20 additional samples, and log data used for verification. In this study,
permeability ranges from 0.01 to 450 mD, and porosity ranges from 1% to 30%. Multiple linear regression was
employed to establish a relationship between permeability, porosity, Rss (the radius corresponding to 35%
mercury saturation), and Swanson’s parameter (the ratio of Sp/Pcmax, Where Pcmax IS the capillary pressure). This
model addresses potential errors in previous models by incorporating more comprehensive parameters. The model
was verified using mercury injection test data from various wells and has demonstrated promising results.

Introduction

The extraction of subsurface oil and gas resources depends on several essential factors, such as porosity,
permeability, relative permeability (RP), capillary pressure, and wettability, among others (Feng et al. 2021). The
permeability of rock is closely associated with the distribution of pore throat sizes, making the mercury injection
capillary pressure (MICP) curve a reliable tool for predicting permeability. The RP curve illustrates the
relationship between the permeabilities of various fluid phases, including oil and water, within a porous medium.
This relationship governs the movement of these phases through the reservoir's porous structure and fracture
networks, playing a crucial role in enhancing the precision of reservoir simulation models (Wang et al. 2023).
The RP curve plays a vital role in reservoir modeling, as it greatly influences history matching, the development
and optimization of production strategies, and enhanced recovery. Therefore, it is essential to develop efficient
and precise techniques for obtaining RP curves.

Various techniques have been employed to obtain RP curves, generally classified into direct and indirect
methods. The direct approach involves conducting laboratory experiments on rock cores using either steady-state
or unsteady-state measurement techniques (Swanson 1981; Pittman 1992; Dastidar et al. 2007; Krevor et al. 2012;
Feng et al. 2018). One commonly used technique is mercury injection, where mercury is introduced into the
microscopic pores of a porous medium under controlled pressure conditions, establishing a correlation between
pressure and the volume of injected mercury. The RP curves derived from these experiments are influenced by
the complex micro-pore structure of the medium. Due to the ease of data acquisition and the ability to analyze
relatively large sample sizes, numerous researchers have developed RP models based on capillary pressure
experiments (Purcell 1949; Burdine 1953; Corey 1954; Brooks and Corey 1966). Purcell (1949) introduced a
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permeability model based on the capillary pressure curve, if water flows through smaller capillary tubes while
gas moves through larger ones, leading to a straightforward RP model. Expanding on Purcell’s foundation,
Burdine (1953), Corey (1954), and Brooks and Corey (1966) developed RP models that incorporate pore size
distribution and tortuosity; however, these models do not account for the presence of an irreducible water film.
The integration of percolation theory into RP calculations, first introduced by Helba et al. (1992), has since been
adopted and refined by several researchers, including Salomao (1997), Dixit et al. (1998), Phirani et al. (2009),
and Kadet and Galechyan (2014).

One of the primary challenges in this approach is accurately determining coordination numbers and pore
fractions within network models. Currently, many permeability models rely on the MICP curve, which can be
categorized into two main types (Comisky et al. 2007). The first category includes permeability models based on
percolation theory, which assumes that flow paths in porous media can be represented by a single-scale aperture.
Notable examples within this category are the Kozeny-Carman model (Schwartz et al. 1989; Bernabé and
Maineult 2015), the Katz-Thompson models (Katz and Thompson 1986), and the Revil-Glover-Pezard-Zamora
model (Glover et al. 2006). The second category includes permeability models based on Poiseuille's equation and
Darcy's law, which conceptualize flow paths in porous media as a collection of capillary tubes.

Notable models in this category include the Purcell model (Purcell 1949; Zhang et al. 2017), the Thomeer
model (Thomeer 1960 and 1983), the Rss model (initially proposed by Winland and later reported by Kolodzie
(1980)), the Swanson model (Swanson 1981; Kamath 1992), the R2s model (Pittman 1992), the Capillary-
Parachor model (Guo et al. 2004; Liu et al. 2016; Xiao et al. 2017), the Huet model (Huet et al. 2005), the Rsg
model (Rezaee et al. 2006; Gao and Hu 2013), and the Rwem model (Dastidar et al. 2007), where Rwem represents
the weighted geometric mean radius. Zhou et al. (2023) applied the ensemble Kalman method to predict RP curves
using saturation data, while Lanetc et al. (2024) developed a novel approach that integrates hybrid pore network
and fluid volume methods for RP curve estimation. Additionally, Rezaei et al. (2020) focused on modifying
permeability models initially designed for sandstones to enhance their applicability to carbonate reservoirs. While
these studies have made notable progress in acquiring RP curves through various methodologies, each approach
presents certain limitations. Therefore, the development of a more efficient framework for obtaining RP curves
remains a critical objective. Various permeability models, including those developed by Winland (1992),
Swanson (1981), and Dastidar (2007), have utilized different parameters to predict permeability, often calibrated
using clastic or carbonate rock samples. Carbonate rocks, due to their diverse depositional environments and
complex diagenetic processes, pose significant challenges for permeability modeling. Earlier models, such as
those by Winland, Pittman, and Swanson, were designed for specific facies and diagenetic conditions,
incorporating factors like pore throat size, porosity, and Swanson’s parameter—the maximum ratio of Sp/Pcmax.

Although these models have contributed to permeability predictions, they have sometimes exhibited
inaccuracies when applied to certain carbonate samples (Nooruddin et al. 2014). To address these shortcomings,
this study introduces a new model that integrates multiple key parameters to improve permeability estimation in
carbonate rocks. The proposed model includes porosity, permeability, the pore-throat radius at 35% mercury
saturation, and Swanson’s parameter, offering a more comprehensive approach. By considering a wider range of
influential factors, this model aims to enhance the accuracy and reliability of permeability predictions for complex
carbonate reservoirs.

Materials and Methods

In this study, 70 core plug samples were used from three wells within a carbonate reservoir. All core plugs were
one inch in diameter and two inches in length. During the mercury injection capillary pressure (MICP) test,
mercury is injected into a sample under increasing pressure, and mercury saturation is plotted against pressure.
The resulting curve is used to determine key petrophysical properties. Three well-established methods for
permeability prediction, including the Winland, Pitman, and Dastidar models, were evaluated. The results from
each model were compared to laboratory-measured permeability values. Extracted data include pore-throat sizes
and porosity.
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The MICP test was conducted on all plug samples, with porosity calculated from the volume of mercury
injection. Permeability was measured using air, following Darcy’s law, and ranged from 0.01 mD to 450 mD,
with porosity values between 1% and 30%. A multiple linear modeling approach was applied to propose an
empirical relationship between permeability and MICP data. Linear regression, combined with actual
permeability data, was employed to refine permeability prediction models. This method quantifies the relationship
between key variables and permeability, ensuring simplicity and interpretability of the model. Incorporating
multiple predictors and validating the model against real data enhances its accuracy and reliability.

The predicted and actual permeability values were then compared using the linear modeling approach.
Additionally, a total of 1,367 thin sections were prepared to study the geological properties of the formations. A
permeability log, generated from Stoneley waves, and 20 modular formation dynamic tests (MDT) were also used
to validate the results.

Results

MICP Test. The mercury injection capillary pressure (MICP) test was used to extract pore-throat size distribution
(PSTD), while also determining the porosity and permeability of the samples. Petrographical analysis revealed
that the samples predominantly consist of grainstone, with occasional occurrences of mudstone, wackestone, and
rare packstone (Figure 1). Samples for the MICP test were selected based on this distribution shown in Figure 1.

Anhydrite observed in some samples; however, these were excluded from the study due to their lack of reservoir
interest.

Frequency, %

Wackestone  Packstone Grainstone  Boundstone Mudstone Claystone Anhydrite

Figure 1—Sedimentary facies in the studied carbonate reservoir.
Winland Permeability Model. Winland established an empirical relationship between porosity, permeability,
and the diameter of pore throats, expressed as follows (Kolodzie 1980):

Tl e e L O (1)
0.588

where Rs3s is the radius of the pore-throat in 35 % of mercury saturation, K is permeability (mD), and ¢ is porosity
(%). The correlation between predicted and measured permeabilities can be seen in Figure 2(a).

Pittman Permeability Model. Pitman permeability model has been constructed and calibrated based as follows
(Pittman et al. 1992):

logK = —1.221 4+ 1.415 (log @) 4 1.512 (108 R25) - e ivieiiiiiiiiiiiiieiieie e @)
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where Ros is the radius of the pore-throat in 25 % of mercury saturation, K is permeability (mD), and ¢ is porosity
(%). The correlation and coefficient of determination (R?) between the measured and predicted permeabilities are
presented in Figure 2(b).

Dastidar Permeability Model. Dastidar permeability model uses Rwem (weighted geometric mean of the pore-
throat) and porosity (Dastidar et al. 2007) according to the following model:

loghk = —2.51 4 3.06 (108 @) + 1.641 (LOZ RyyyGps )-eeeveeeeerveereemiemmemieniesiieniesieesteesieseesieessesseesseensesneesseennes (3)

where K is permeability (mD), ¢ is porosity (%), and Rwewm is weighted geometric mean of the pore-throat radius
(pm). The predicted and the measured permeabilities and their linear modeling are shown in Figure 2(c).

Model Development and Validation. The development of the new permeability prediction model was guided
by a thorough review of existing models, including those proposed by Swanson (1981), Pittman et al. (1992), and
Winland (Kolodzie 980). Key parameters, characterized by significant coefficients and substantial geological
influence on permeability, were prioritized. After integrating these factors, the model underwent rigorous testing
to optimize its accuracy. The result is the refined permeability prediction model presented in this study.

Proposed Model. Based on samples from carbonate formations and using multiple linear modeling analysis, a
new model is introduced here. This model incorporates a comprehensive set of influential factors for permeability
estimation in carbonate reservoirs, where grainstone predominates, along with the presence of mudstone. The
model is calibrated for a permeability range up to 90 mD. The advantage of this model lies in its integration of
various criteria and factors, offering improvements over previously proposed models. The model was developed
using multiple linear modeling analysis and is presented as follows:

Sb
Pcmax

K = 0.242 — 19.552 (Iog @) — 17.432 (108 R35) + 3.123 (5o evveeeemeeeeseeneeeeseseeeeeseesesseeeseseseesesseseen (4)

where Rss is the radius of the pore-throat related to the 35 % of mercury saturation, K is permeability (mD), ¢ is
porosity (%), and Sp/Pcmax is the maximum value of Sp/Pc (A point is Swanson’s parameter).

The predicted values of permeability vs. the actual permeabilities and their linear modeling models are
presented in Figure 2(d). An R? value of 0.92 in the linear regression model indicates that 92% of the variability
in the dependent variable is explained by the independent variable. The equation Y=1.46x—15.40 suggests a strong
positive relationship between the variables. While this high R? suggests a good fit, it's essential to also consider
residual patterns and the statistical significance of coefficients to ensure model robustness and avoid potential
overfitting.
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Figure 2—The measured permeabilities vs. their predicted values in Winland (a), Pitman (b), Dastidar (c), and the
proposed model (d). The R? values and the slope of the lines and y-intercepts are also presented in each plot.

Verification of the Model. MICP data from two additional wells were used to verify the new model. The
samples for verification were from the same carbonate formations. Predicted permeability values were compared
with the measured values, yielding satisfactory results. These results are presented in Figure 3.
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Figure 3—Comparison of measured and predicted permeability values based on the new model.

Model Verification Using Sonic Log and Stoneley Permeability. Permeabilities were also obtained using
Stoneley waves, extracted from a sonic scanner in the reservoir. The permeability values derived from Stoneley
waves showed a strong correlation with those obtained from modular formation dynamic tests (MDT). The results

are presented in Figure 4.
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Figure 4—Comparison of the generated permeability from Stoneley waves and MDT.

The next step involved comparing the permeability log, confirmed by MDT, with the predicted permeability
from the proposed model. The result was satisfactory, with a R? value of 0.71, as shown in Figure 5.
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Figure 5—Comparison of permeability derived from Stoneley waves and predicted permeability from the
proposed model.
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Discussion

This study proposes a new empirical model for permeability prediction in carbonate rocks. By considering the
heterogeneity of various carbonate facies, the model achieves more accurate permeability predictions. Each
experimental permeability model relies on core samples for calibration, and previous models, such as Winland’s,
used both carbonate and clastic formations for this process. Due to the differing petrophysical properties between
carbonate and clastic rocks, permeability predictions from these models may not be fully accurate. As shown in
Rezaei et al. (2024), variations in Mg/Ca concentrations were observed across parallel calcite crystal faces.
Crystallographic orientation appears may influence the incorporation of impurities into minerals, affecting their
physical and chemical properties (Rezaei 2023). Due to the diverse depositional environments and complex
diagenetic processes of carbonate rocks, permeability modeling remains a significant challenge. Gabitov et al.
(2022) emphasized the heterogeneous distribution of trace elements in carbonates, which impacts pore structure
and complicates permeability estimation. These variations can affect calcite solubility, which in turn influences
permeability, and adds complexity to reservoir prediction. Winland's model, averaged petrophysical features from
both rock types, leading to potential inaccuracies, as evidenced by the R? values in Figure 2. Similarly, the Pitman
and Dastidar models were primarily calibrated using clastic rocks, making them less reliable for carbonate
reservoirs.

In contrast, the proposed model accounts for the distinct characteristics of carbonate formations, considering
the different facies and sedimentary environments that influence permeability. This approach is particularly
important for carbonate reservoirs, where geological features can vary significantly. For example, grainstones and
packstones dominate the facies in the studied carbonate formations, with dolomite and limestone as the primary
lithologies.

Different facies exhibit varying petrophysical characteristics, which influence permeability prediction.
However, the proposed model incorporates samples from a range of facies with diverse petrophysical properties.
Previous research (e.g., Nooruddin et al. 2016) has demonstrated that earlier models sometimes yield significant
errors. In the current model, the linear regression equation between predicted and measured permeability is
characterized by a slope and an R? value. A slope and R? value of 1 indicate a close match between actual and
predicted permeability.

In the proposed model, the slope and R? values are 1.4 and 0.91, respectively. The new model incorporates
more effective parameters, reducing the impact of errors in varying conditions. Key factors such as Rss, porosity,
and Sw/Pcmax Were specifically considered and adjusted for carbonate rocks. Other models were developed based
on different formations, lithologies, and sedimentary environments. The permeability predictions from the
proposed model, compared with actual permeability measurements, were reliable. Although the predictions were
satisfactory, the model was further verified using data from different wells. The verification results showed a
slope of 1.3 and an R? value of 0.85, indicating high accuracy in predicting permeability in these carbonate
formations.

The model also demonstrated good agreement with modular formation dynamic tests (MDT), which reflect
dynamic permeability under natural reservoir conditions. The comparison between the predicted permeability
from the new model and the permeability log derived from Stoneley waves showed a strong correlation. These
results indicate that accurate permeability data can be obtained under natural reservoir conditions.

Conclusions

This study presents a new empirical correlation for estimating permeability in carbonate reservoirs. The proposed
model, developed using data from various carbonate formations, incorporates more effective parameters, resulting
in improved permeability prediction. The model was applied to new data from two additional wells, yielding
satisfactory results during verification. In practical applications, this correlation proves useful for predicting
permeability in similar geological reservoirs. Future studies could explore the applicability of this model to other
formations or investigate the effects of different parameter combinations.



Improved Oil and Gas Recovery

Conflicting Interests

The author(s) declare that they have no conflicting interests.

References

Bernabé& Y. and Maineult, A. 2015. Physics of Porous Media: Fluid Flow Through Porous Media. Treatise on
Geophysics 11(1): 19-41.

Brooks, R. H., Corey, A. T. 1966. Properties of Porous Media Affecting Fluid Flow. Journal of Irrigation and
Drainage Division, Proceedings of the American Society of Civil Engineers 92(2): 61-88.

Burdine, N. 1953. Relative Permeability Calculations from Pore Size Distribution Data. Journal of Petroleum
Technology 5(3): 71-78.

Comisky, J. T., Newsham, K. E., Rushing, J. A., et al. 2007. A Comparative Study of Capillary-Pressure-Based
Empirical Models for Estimating Absolute Permeability in Tight Gas Sands. Paper presented at the SPE Annual
Technical Conference and Exhibition, Anaheim, California, U.S.A., 11-13 November. SPE-110050-MS.

Corey, A. T. 1954. The Interrelation Between Gas and Oil Relative Permeabilities. Production Monthly 19(1):
38-41.

Dastidar, R., Sondergeld, C. H., and Rai, C. S. 2007. An Improved Empirical Permeability Estimator from
Mercury Injection for Tight Clastic Rocks. Petrophysics 48(3): 186-190.

Dixit, A. B., McDougall, S. R., Sorbie, K. S., et al. 1998. Analysis of Relative Permeability Hysteresis Trends in
Mixed-Wet Porous Media Using Network Models. Paper presented at the SPE/DOE Improved Oil Recovery
Symposium, Tulsa, Oklahoma, U.S.A., 19-22 April. SPE-39656-MS.

Feng, D., Bakhshian, S., Wu, K., et al. 2021. Wettability Effects on Phase Behavior and Interfacial Tension in
Shale Nanopores. Fuel 15(290): 119983.

Feng, D., Li, X., Wang, X., et al. 2018. Capillary Filling Under Nanoconfinement: The Relationship Between
Effective Viscosity and Water-Wall Interactions. International Journal of Heat and Mass Transfer 118(1):
900-910.

Gabitov, R. I., Sadekov, A. Y., Perez-Huerta, A., et al. 2022. Elemental Uptake by Individual Calcite Crystals.
Paper presented at the Goldschmidt Conference, Honolulu, Hawaii, U.S.A., 11-13 July.

Gao, Z. and Hu, Q. 2013. Estimating Permeability Using Median Pore-Throat Radius Obtained from Mercury
Intrusion Porosimetry. Journal of Geophysics Engineering 10(2): 025014.

Glover, P. W., Zadjali, I. 1., and Frew, K. A. 2006. Permeability Prediction from MICP and NMR Data using an
Electrokinetic Approach. Geophysics 71(4): 49-60.

Guo, B., Ghalambor, A., and Duan, S. 2004. Correlation Between Sandstone Permeability and Capillary Pressure
Curves. Journal of Petroleum Science and Engineering 43(3): 239-246.

Helba, A. A., Sahimi, M., Scriven, L. E., et al. 1992. Percolation Theory of Two-Phase Relative Permeability.
Paper presented at the 57th Annual Fall Technical Conference and Exhibition of SPE, New Orleans, U.S.A.,
4-7 October. SPE 11015-PA.

Huet, C., Rushing, J., Newsham, K. E., et al. 2005. A Modified Purcell Model for Estimating Absolute
Permeability from Mercury Injection Capillary Pressure Data. Paper presented at the International Petroleum
Technology Conference, Doha, Qatar, 21-23 November. IPTC-10994-MS.

Kadet, V. V. and Galechyan, A. M. 2014. Percolation Modeling of Relative Permeability Hysteresis. Journal of
Petroleum Science and Engineering 119(1): 139-148.

Kamath, J. 1992. Evaluation of Accuracy of Estimating Air Permeability from Mercury-Injection Data. SPE
Formation Evaluation 7(4): 304-310.

Katz, A. J. and Thompson, A. H. 1986. Quantitative Prediction of Permeability in Porous Rock. Physical Review
B 34(1): 8179-8181.



Improved Oil and Gas Recovery

Kolodize, S. 1980. Analysis of Pore Throat Size and Use of The Waxman-Smits Equation to Determine OOIP in
Spindle Field. Paper presented at the 55th Society of Petroleum Engineering Annual Technical Conference and
Exhibition, Colorado, U.S.A., 21-24 September. SPE-9382-MS.

Krevor, S. C. M., Pini, R., Zuo, L., etal. 2012. Relative Permeability and Trapping of CO, and Water in Sandstone
Rocks at Reservoir Conditions. Water Resources Research 48(2): 2532-2548.

Lanetc, Z., Zhuravljov, A., Armstrong, R. T., et al. 2024. Estimation of Relative Permeability Curves in Fractured
Media by Coupling Pore Network Modeling and Volume of Fluid Methods. International Journal of
Multiphase Flow 171(1): 104668.

Liu, J. Q., Zhang, C. M., and Zhang, Z. 2016. Combine the Capillary Pressure Curve Data with the Porosity to
Improve the Prediction Precision of Permeability of Sandstone Reservoir. Journal of Petroleum Science and
Engineering 139(1): 43-48.

Nooruddin, H. A., Hossain, M. E., Al-Yousef, H., et al. 2014. Comparison of Permeability Models Using Mercury
Injection Capillary Pressure Data on Carbonate Rock Samples. Journal of Petroleum Science and Engineering
121(1): 9-22.

Phirani, J., Pitchumani, R., and Mohanty, K. 2009. Transport Properties of Hydrate-Bearing Formations from
Pore-Scale Modeling. Paper presented at the SPE Annual Technical Conference and Exhibition, New Orleans,
Louisiana, U.S.A., 4-7 October. SPE-124882-MS.

Pittman, E. D. 1992. Relationship of Porosity and Permeability to Various Parameters Derived from Mercury
Injection-Capillary Pressure Curves for Sandstone. AAPG Bulletin 76(2): 191-198.

Purcell, W. R. 1949. Capillary pressures-Their Measurement Using Mercury and the Calculation of Permeability
Therefrom. Journal of Petroleum Technology 1(1): 39-48.

Rezaee, M. R., Jafari, A., and Kazemzadeh, E. 2006. Relationships Between Permeability, Porosity, and Pore
Throat Size in Carbonate Rocks Using Regression Analysis and Neural Networks. Journal of Geophysics
Engineering 3(4): 370-376.

Rezaei, M., Gabitov, R., and Sadekov, A. 2023. Crystallographic influence on elemental uptake by calcite from
artificial seawater. Paper presented at the GSA Annual Meeting, Pittsburgh, Pennsylvania, U.S.A., 18 October.

Rezaei, M., Tavakoli, V., Rahimpour-Bonab, H. 2020. Comparison of Different Permeability Estimation Models
Based on Pore Throats. Journal of Petroleum Science and Research 9(1): 68-77.

Rezaei, M., Gabitov, R., Sadekov, A., et al. 2024. Elemental Uptake by Different Calcite Crystal Faces: An in-
situ Study. Crystals 2024(14):442-452.

Salomao, M. C. 1997. Analysis of Flow in Spatially Correlated Systems by Applying the Percolation Theory.
Paper presented at the 15th Latin American and Caribbean Petroleum Engineering Conference, Rio de Janeiro,
Brazil, 30 August-3 September. SPE-39039-MS.

Schwartz, L. M., Sen, P. N., and Johnson, D. L. 1989. Influence of Rough Surfaces on Electrolytic Conduction
in Porous Media. Physical Review B Condensed Matter 40(4): 2450-2458.

Swanson, B. F. 1981. A Simple Correlation Between Permeabilities and Mercury Capillary Pressures. Journal of
Petroleum Technology 33(12): 2498-2504.

Thomeer, J. H. M. 1960. Introduction of a Pore Geometrical Factor Defined by the Capillary Pressure Curve.
Journal of Petroleum Technology 12(3): 73-77.

Thomeer, J. H. M. 1983. Air Permeability as a Function of Three Pore-Network Parameters. Journal of Petroleum
Technology 35(4): 809-814.

Xiao, L., Liu, D., Wang, H., et al. 2017. The Applicability Analysis of Models for Permeability Prediction Using
Mercury Injection Capillary Pressure (MICP) Data. Journal of Petroleum Science and Engineering 156(1):
589-593.

Zhang, C., Cheng, Y., and Zhang, C. 2017. An Improved Method for Predicting Permeability by Combining
Electrical Measurements and Mercury Injection Capillary Pressure Data. Journal of Geophysics Engineering
14(1): 132-142.



Improved Oil and Gas Recovery

Zhou, X. H., Wang, H., McClure, J., et al. 2023. Inference of Relative Permeability Curves in Reservoir Rocks
with Ensemble Kalman Method. European Physical Journal E 46(6): 44-52.

Mustafa Rezaei is a Ph.D. candidate in Geochemistry at Mississippi State University, where he has conducted
research and taught courses for the past several years. He is also a data scientist with expertise in applying
advanced analytical technigques to geological and geochemical datasets. His work has been presented at
international conferences, and he has authored multiple peer-reviewed publications.



