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Abstract 

Permeability prediction is essential for reservoir characterization, commonly derived from core 

analysis and mercury injection capillary pressure (MICP) data. Many conventional models, often 

calibrated for sandstones, are based on parameters such as porosity or specific mercury saturation 

points, which limits their accuracy in carbonate reservoirs due to differing rock properties. This 

study addresses these limitations by integrating parameters from 12 existing permeability 

estimation models and selecting three reliable models for carbonates: Swanson’s, Winland’s, and 

Pittman’s models. These models incorporate Swanson’s parameter (maximum Sb/Pc, where Sb is 

non-wetting phase saturation and Pc is capillary pressure), pore-throat radius at specific 

saturations (Winland’s rx), and porosity (Pittman’s model). An integrated framework was 

developed using data from 50 carbonate samples and validated with 20 additional samples and 

log data. The permeability values range from 0.01 to 450 millidarcies (mD), with porosity from 

Rezaei, M. (2025). Integration of different permeability model parameters for permeability prediction 

from capillary pressure curves in carbonate reservoirs. EarthArXiv. https://doi.org/10.31223/X5KX5W 
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1% to 30%. Multiple linear regression established robust relationships between permeability, 

porosity, and Swanson’s parameter, improving prediction accuracy. Validation using MICP and 

Stoneley wave data confirmed the model's reliability, demonstrating significant advancements in 

permeability estimation for heterogeneous carbonate systems. This approach offers a 

comprehensive and accurate tool for reservoir characterization. 
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1. 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. 
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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; Dasidar et al., 2007; Krevor et al., 2012; Chen et al., 2014; 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 permeability 

model based on the capillary pressure curve, assuming that 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 
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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, 

1983), the r35 model (initially proposed by Winland and later reported by Kolodzie, 1980), the 

Swanson model (Swanson, 1981; Kamath, 1992), the r25 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 r50 model (Rezaee et al., 2006; Gao and Hu, 2013), and the rwgm model (Dastidar 

et al., 2007), where rwgm 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, 
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incorporating factors like pore throat size, porosity, and Swanson’s parameter—the maximum ratio of 

Sb/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 

2.1 Sample Description and methos 

This study utilized 70 core plug samples obtained from three wells within a carbonate reservoir. 

Each core plug measured one inch in diameter and two inches in length. MICP tests were 

performed on all samples, where mercury was injected under increasing pressure, and mercury 

saturation was plotted against pressure. The resulting capillary pressure curves were used to 

derive key petrophysical properties, including pore-throat sizes and porosity. After a thorough 

evaluation of various models, three models demonstrating the best integration were selected. 

Three established permeability prediction models—Winland, Pitman, and Swanson—were 

evaluated against laboratory-measured permeability values. Permeability was determined using 

air permeability measurements based on Darcy's law, with values ranging from 0.01 mD to 450 

mD, and porosity ranging between 1% and 30%. The MICP test provided porosity calculations 

by measuring the volume of injected mercury. A multiple linear modeling approach was applied 
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to propose an empirical relationship between permeability and MICP data. Linear regression, 

combined with laboratory-measured permeability, was used to refine the prediction models, 

quantifying the relationship between key variables and permeability. This approach ensured the 

model's simplicity, interpretability, and improved accuracy through validation against actual 

permeability data. A permeability log derived from Stoneley waves and 20 Modular Formation 

Dynamics Tests (MDT) were also incorporated to validate the results. The comparison between 

predicted and measured permeability values demonstrated the robustness of the proposed model, 

enhancing its reliability for permeability estimation in carbonate reservoirs. 

2.2 MICP-based permeability prediction models 

Over the years, numerous models for estimating permeability based on MICP curves have been 

developed. Purcell (1949) introduced a method to calculate permeability by assuming that the 

porous medium consists of disconnected capillary tubes of uniform length. Thomeer (1983) 

observed that MICP curves resemble a hyperbolic shape in log-log plots and proposed a 

permeability estimation model using three parameters derived from the hyperbola. Winland 

(referenced in Kolodzie, 1980) established an empirical relationship involving r35 , permeability, 

and porosity. Swanson (1981) suggested that the pore space at the hyperbolic curve's inflection 

point represents the effective pore throat that controls fluid flow. He developed an empirical 

model linking permeability to the ratio of saturation to capillary pressure (Sb / Pc) at this critical 

point. Pittman (1992) refined this approach by analyzing multiple regression relationships 

between permeability, porosity, and rx, where x ranged from 10% to 75% of non-wetting phase 

saturation, with r25 providing the strongest correlation. Guo et al. (2004) identified a significant 

correlation between permeability and the Capillary-Parachor parameters, specifically the 
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maximum value of Sb/Pc . Gao and Hu (2013) demonstrated that permeability could be estimated 

using r50 alone. Liu et al. (2016) enhanced the accuracy of permeability prediction models by 

incorporating the Capillary-Parachor parameter alongside porosity. Subsequently, Xiao et al. 

(2017) suggested dividing samples, such as those from Liu et al.'s (2016) study, into distinct 

groups based on porosity and developing separate permeability models for each group.  

Drawing on the overviews of permeability prediction models provided by Comisky et al. 

(2007), Nooruddin et al. (2014), and Rashid et al. (2015), we expanded the range of models 

based on MICP curves by incorporating additional models from more recent studies. The 

updated summary is presented in Table 1, which includes various parameters derived from MICP 

curves. These parameters consist of Sb, G, Pd, the Swanson parameter (denoted as s), the 

Capillary-Parachor parameter (denoted as cp), r10, r25, r35, r50, rwgm, Swirr, and λ. 

Table 1. Permeability Models Derived from MICP Data. 

Lithology Model Equation 

Sandstone Purcell (1949) 
𝐾 =

(𝜎 𝐶𝑜𝑠 𝛳)2𝐹𝜙

2 × 104
 ∫

𝑑 𝑆𝑛𝑤

𝑝𝑐
2

100

0

  

Sandstone Swanson (1981) 𝐾 = 399 (
𝑆𝑏

𝑃𝐶

)𝐴
1.691 

Sandstone Thomeer (1983) 𝐾 = 3.8068 𝐺−1.3334(
𝑆𝑛𝑤

𝑃𝑑

)2 

Sandston and 

carbonate 

Winland (Kolodzie, 

1980) 

𝐾 = 49.0316𝑟35
1.7007𝜙1.4694 

 

Sandston Pittman (1992) 𝑙𝑔𝑘 = −1.221 + 1.415𝑙𝑜𝑔𝜙 + 1.512𝑙𝑔𝑟25 

Sandston Capillary-Parachor 

(Guo et al., 2004) 

𝑘 = 0.00007 (
𝑆𝑛𝑤

𝑃𝑐
2

)𝑐𝑝
2  

Sandston and Huet et al. (2005) 
𝑘 = 1017003(1 − 𝑆𝑤𝑖𝑟𝑟)0.5475𝜙1.6498

1

𝑃𝑑
1.7846 [

𝜆

𝜆 + 2
]

1.6745
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Carbonate 

Carbonate Rezaee et al. (2006) 𝑙𝑔𝑘 = −1.16 + 1.78𝑙𝑔𝜙 + 0.93𝑙𝑔𝑟50 

Sandston Dastidar et al. (2007) 𝑙𝑔𝑘 = −2.51 + 3.06𝑙𝑔𝜙 + 1.64𝑙𝑔𝑟𝑤𝑔𝑚 

Tight Sandston Rezaee et al. (2012) 𝑙𝑔𝑘 = −1.92 + 0.949𝑙𝑔𝜙 + 2.18𝑙𝑔𝑟10 

Sandston and 

carbonate 

Gao and Hu (2013) 𝑙𝑔𝑘 = 0.214 + 2.225𝑙𝑔𝑟50 

Sandston Liu et al. (2016) 𝑘 = 10−5.129𝜙3.141(
𝑆𝑛𝑤

𝑃𝑐
2

)𝑐𝑝
0.875 

Where k is permeability, ϕ is porosity, Pc is capillary pressure, Sb is the non-wetting phase 

saturation, and F is the formation factor. The Swanson parameter represents the maximum value 

of Sb/Pc, and the Capillary-Parachor parameter represents the maximum value of Sb/Pc
². G is the 

pore geometry factor in the Thomeer model, while Sb is the non-wetting phase saturation when 

Pc approaches infinity, and Pd is the displacement pressure. G, Sb, and Pd can be derived by 

fitting the MICP curve using the Thomeer model (Thomeer, 1960, 1983). Swirr is the irreducible 

wetting phase saturation, and λ is the Brooks-Corey index for pore throat size distribution, which 

can be obtained by fitting the MICP curve using the Brooks-Corey model (Brooks and Corey, 

1966). rx is the pore-throat radius at x% non-wetting saturation, and rwgm is the weighted 

geometric mean radius, and np is the number of pore throat radii. 

 

The pore throat sizes at the point where the maximum value of Sb/Pc occurs are crucial for 

effectively connecting the major pore spaces. The Sb at this point reflects the portion of the pore 

space that predominantly contributes to fluid flow (Swanson, 1981). As a result, the Swanson 

parameter is expected to have a strong correlation with permeability. The point of maximum 

Sb/Pc
2 provides significant insights into the distribution of effective pore throat sizes. 

Additionally, the Capillary-Parachor parameter demonstrates a positive correlation with 

permeability (Guo et al., 2004). Pd represents the minimum capillary pressure required for a non-

wetting fluid to penetrate a pore space previously saturated with a wetting fluid. In sandstone 

reservoirs, lower values of Pd are generally observed in rocks with more uniform particles, fewer 

cementing materials, and better porosity and permeability (Luo and Wang, 1986). Furthermore, 
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rx and rwgm, which are characteristic parameters of the pore throat size distribution, typically 

show a positive relationship with permeability (Rezaee et al., 2006, 2012; Dastidar et al., 2007). 

3. Results and Discussion 

After investigating and analyzing various permeability models, we aimed to develop a 

comprehensive model that incorporates multiple factors, making it more applicable to 

carbonate reservoirs, which often present challenges due to diagenesis and the complexity of 

permeability prediction. Following extensive evaluation, we determined that integrating the 

Winland, Pittman, and Swanson formulas yielded the most accurate and reliable results for 

carbonate samples. The reason for utilizing these models lies in their well-integrated factors, 

which complemented each other effectively. As demonstrated in this study, the newly 

proposed model, developed through the integration of these formulas, has been tested against 

actual permeability data derived from MICP and log data. The results indicate that the 

proposed model provides a strong and reliable prediction of permeability. 

3.1 Winland Permeability Model 

Winland (1992) established an empirical relationship between porosity, permeability, and the 

diameter of pore throats, considering the radius of the pore-throat at 35% mercury saturation 

(R35). This relationship provides a framework for predicting permeability based on porosity and 

pore-throat characteristics. The correlation between predicted and measured permeabilities is 

illustrated in Fig. 1a. 

3.2 Pittman Permeability Model 

Pitman (1992) permeability model was constructed and calibrated using the relationship between 

porosity, permeability, and the radius of the pore-throat at 25% mercury saturation (R25). The 
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comparison between permeability predictions from the model and actual measured permeability 

data shows a strong correlation. The results, along with the coefficient of determination (R²), are 

presented in Fig. 1b. 

3.3 Swanson Permeability Model 

Swanson permeability model incorporates the Swanson's parameter—the maximum ratio of 

Sb/Pcmax to predict permeability. The comparison between predicted and measured permeability 

values, along with their linear modeling, is illustrated in Fig. 1c, demonstrating the effectiveness 

of the model. 

3.3  Model Development and Validation 

The development of the new permeability prediction model was guided by a thorough review of 

existing models, finally after careful consideration we integrated Winland, Swanson and 

Swanson. 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.  

3.3.1 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. 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: 
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𝐾 = 0.242 − 19.552 (log φ) − 17.432 (log 𝑅35) + 3.123 (
𝑆𝑏

𝑃𝑐
max) 

where R35 is the radius of the pore-throat related to the 35 % of mercury saturation, K is 

permeability (mD), 𝝋 is porosity (%), and Sb/Pcmax is the maximum value of Sb/Pc (Swanson’s 

parameter). 

The predicted permeability values versus the actual permeabilities, along with their linear 

regression model, are presented in Fig. 1d. The linear regression yields an R² value of 0.92, 

indicating that 92% of the variability in the dependent variable is explained by the independent 

variable. The equation Y=1.46x−15.40 (Fig 1.d) demonstrates a strong positive relationship 

between the variables. While this high R² value suggests a good fit, it is important to evaluate 

residual patterns and the statistical significance of the coefficients to ensure the model's 

robustness and avoid potential overfitting. Although this model is proposed, further validation 

will involve independent data that were not used during model development, followed by testing 
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using log data to confirm its reliability and applicability.

 

Fig. 1. Presentation of the measured permeabilities vs. their predicted values in Winland (a), 

Pitman (b), Swanson (c), and newly proposed model (d). The R2 values and the slope of the lines 

and y-intercepts are also presented in each plot. 

3.4 Verification of the Model by independent MICP data 

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 

Fig. 2. 
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Fig. 2. Comparison of measured and predicted permeability values based on the new model. 

3.5 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 

Fig.3.
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Fig. 3. 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 new model. The result was satisfactory, with an R2 value of 0.71, as shown 

in Fig. 4. 
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Fig. 4. Comparison of permeability derived from Stoneley waves and predicted permeability 

from the new model. 

This study introduces a new empirical model for permeability prediction specifically tailored to 

carbonate rocks. By accounting for the heterogeneity inherent in various carbonate facies, the 

proposed model enhances the accuracy of permeability predictions. Existing experimental 

models, such as Winland's, often rely on core samples calibrated using both carbonate and clastic 

formations. However, due to significant differences in petrophysical properties between 

carbonate and clastic rocks, permeability predictions from these models may lack precision. 

These disparities, which can influence calcite solubility and subsequently permeability, add 

complexity to reservoir characterization. For instance, Winland’s model averages petrophysical 

features across both rock types, potentially introducing inaccuracies, as reflected in the R² values 

shown in Fig. 1. Similarly, the Pitman and Swanson models, calibrated using clastic rocks, 

exhibit reduced reliability when applied to 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 
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approach is particularly important for carbonate reservoirs, where geological features can vary 

significantly.  

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., 2014; Rashid and 

Glover, 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 R2 value. A slope and R2 value of 1 indicate a close match 

between actual and predicted permeability. In the proposed model, the slope and R2 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 R35, porosity, and Sb/Pc max 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 R2 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. 

4 Conclusions 
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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. Future 

studies could explore the applicability of this model to other formations or investigate the effects 

of different geological parameter. 
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