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PERMEABILITY ESTIMATION USING PORE GEOMETRY ANALYSIS AND PER-

COLATION THEORY IN CARBONATES

Abstract

This work present a new method for estimating permeability in carbonates from a

set of conventional wireline logs, composed by gamma ray, neutron, density and sonic

logs. The method is based on a modified Kozeny-Carman model, with derivation of

pore geometry through the use of effective medium models and the concept of tortu-

osity. Percolation theory is then used to derive a pore connectivity coefficient which

is calibrated according to the presence of carbonatic mud in the rock. The approach

is evaluated by comparing permeability estimates with measured values of 173 core

samples, from a carbonate oil field in Campos Basin, Brazil. This post-salt sequence

comprises ramp deposits with various textures, including grainstones, packstones and

mudstones, deposited in a marine environment of shallow platform. The results show

that the proposed method can reproduce reasonably well permeability measurements

over the range of 0.1 to 8100 mD in oil and oil-water transition zones comprising differ-

ent carbonate textures, with porosity varying from 6 to 34%. The obtained correlation

coefficient R2 = 0.76 between measured and predicted permeability demonstrates the

validity of the new approach and confirms that pore geometry and pore connectivity

are the main parameters that control the fluid flow in porous media. These parameters

can then be used in specialized models to reduce the permeability estimation errors.

Keywords: carbonates, permeability, percolation, pore connectivity, pore geom-

etry.
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ESTIMATIVA DA PERMEABILIDADE USANDO ANÁLISE DA GEOMETRIA POROSA

E TEORIA DE PERCOLAÇÃO EM CARBONATOS

Resumo

Este trabalho apresenta uma nova metodologia para estimar a permeabilidade em

carbonatos a partir de um conjunto de perfis convencionais de poço formado por raios

gama, neutrônico, densidade e sônico. O método é baseado em uma modificação

do modelo de Kozeny-Carman, onde a estimativa da geometria porosa é realizada

através do uso de modelos de meio efetivo e do conceito de tortuosidade. A teoria da

percolação é então usada para modelar um coeficiente de conectividade dos poros, o

qual é calibrado de acordo com a presença de lama carbonática na rocha. A metodolo-

gia é avaliada comparando-se as estimativas de permeabilidade com os valores me-

didos de 173 amostras de laboratório pertencentes a um campo de óleo carbonático

na Bacia de Campos, Brasil. Essa sequência do pós-sal compreende depósitos em

rampa com várias texturas, incluindo grainstones, packstones e mudstones, deposita-

dos em um ambiente marinho de plataforma rasa. Os resultados demostram que o

método proposto é capaz de reproduzir razoavelmente bem as medidas de permeabil-

idade na faixa de 0,1 a 8100 mD em zonas de óleo e transição óleo-água, compreen-

dendo diferentes texturas carbonáticas e com porosidade variando entre 6 e 34%. O

coeficiente de correlação R2 = 0,76 obtido entre a permeabilidade medida e estimada

reitera a validade do modelo e demostra que a geometria porosa e a conectividade

dos poros são os principais parâmetros que controlam o fluxo de fluidos em meios

porosos. Esses parâmetros podem então ser utilizados em modelos especializados

para reduzir os erros de estimativa da permeabilidade.

Palavras chave: carbonatos, permeabilidade, percolação, conectividade dos

poros, geometria porosa.
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1 Introduction

The reservoir management requires a deep knowledge of the reservoir that can

be achieved only through its characterization by a process of acquiring, processing

and integrating several basic data. Throughout this dynamic process, the permeability

plays a central role since it measures the capacity and ability of the formation to trans-

mit fluids. Even when considering a single rock type, it can vary over several orders of

magnitude, depending on parameters related to the rock framework, such as porosity,

pore size and pore connectivity. For that reason, the permeability can be considered

one of the most elusive parameter estimation problem during the reservoir characteri-

zation. In relation to carbonate rocks, which represent more than 60% of the world’s oil

reserves, the permeability estimation becomes an even greater challenge due to the

associated heterogeneity, related to diagenetic processes, architecture and structural

complexity.

Permeability can be measured from laboratory using core samples or at the wells

using formation testers at selected depth points. Since both techniques are expensive,

time-consuming and sparse, several models and empirical relationships have been

developed in an attempt to reproduce permeability measurements from wireline logs.

Some of these methods usually express the permeability as function of physical prop-

erties of the pore system, such as porosity. Although it is a common sense to assume

that permeability depends on porosity, it is well-know that two porous systems can

have similar porosities but different permeabilities. This lack of correspondence can be

attributed to differences in the initial grain size, sorting and diagenetic history, which

indicate that only single relations between permeability and porosity are not able to

provide reliable permeability estimations (NELSON, 1994).

There are other methods that relate the permeability with different rock proper-

ties such as resistivity and water saturation, e.g., Timur (1968), Coates and Dumanoir

(1973), Katz and Thompson (1986), and de Lima (1995). Although these models can

also estimate permeability from wireline logs, they usually have constants and param-

eters that require core samples for calibration, and therefore, have their applicability
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restricted to a specific field. More reliable methods for indirect prediction of permeabil-

ity are those based on the Nuclear Magnetic Resonance (NMR) and Stoneley wave

logging, which, however, are more often not available. Other methods for permeability

estimation also involve Multiple Linear Regression (MLR) and Neural Networks (HUANG

et al., 1996), however, such methodologies lack physical-theoretical justification and re-

quire large core datasets for model calibration, which difficult the general application of

the method.

Many researchers have attempted estimate permeability based on rock framework

analysis, since the flow capacity is directly correlated with the pore geometry and con-

nectivity (LØNØY, 2006). In this context, several relations derived from Kozeny-Carman

(CARMAN, 1961) have been proposed in order to improve the permeability estimation,

since the Kozeny-Carman (KC) model considers geometrical properties of the porous

space, like, specific surface, tortuosity and, in some modifications, the percolation be-

havior. Prasad (2003), for example, analyzed the influence of pore geometry on the re-

lation between permeability, velocity and porosity through flow unit concept, and Mavko

and Nur (1997) modified the KC model inserting a percolation threshold on porosity,

which improved the permeability estimation in clean, well-sorted rocks.

Considering that both permeability and velocities are affected by pore geometry

and pore connectivity, Eberli et al. (2003) investigated the relationship between them

in carbonate rocks, and stated that permeability and velocities are more affected by

these properties than by the total porosity of the rock. Fabricius et al. (2007) have also

developed relations between pore geometry and ultrasonic velocities from laboratory

core data to estimate permeability, and in a more recent approach, Saxena (2017)

correlated permeability with elastic properties through the characterization of pore ge-

ometry using an effective percolated medium model and a connectivity function based

on percolation theory.

Bernabé et al. (2010) also derived a permeability model based on pore networks

simulations considering the Poiseulle and Darcy’s laws (the same assumption of the KC

model) parameterized in terms of pore size and connectivity, expressed respectively as

pore radius and pore coordination number. In their model, the relation between per-

meability k and coordination number z follows a power law relation, in the sense of

percolation theory, expressed by k ∝ (z − zc)β, where the exponent β is a function of

the standard deviation of the pore radius distribution and zc is the percolation thresh-

old expressed in terms of the coordination number. To enhance the applicability of

the model, Bernabé et al. (2011) replaced the coordination number by introducing the
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resistivity formation factor F , since they found that k and F obey "universal" power

laws of (z − zc). They satisfactorily tested the model by comparison with published

experimental data on a variety of granular materials and rocks.

Thus, considering the effect of pore heterogeneity and pore connectivity on per-

meability, the development of a physical-theoretical model that integrates conventional

geophysical logs, so that effectively describes the pore geometry without becoming too

complex (so that it becomes impractical), would have wide applicability, since it would

allow continuous permeability curves along the well, reducing the dependence on spe-

cial logs and large core sample datasets. Therefore, considering that there is currently

no general model capable of estimating permeability from conventional wireline logs

with a reasonable degree of uncertainty, this work present a new method to improve

the permeability prediction in carbonate rocks using a modified Kozeny-Carman model,

which takes into account the modeling of pore geometry through the use of effective

medium models and the concept of tortuosity, and the percolation theory to model the

pore connectivity.
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2 Method

Considering the problem of estimating absolute permeability from a set of conven-

tional wireline logs, this section present a modified form of the Kozeny-Carman model,

which takes into account the effect of pore geometry and pore connectivity. It is also

presented a brief review of the main concepts and models used during the estimation

of permeability model parameters, which involve the use of effective medium models,

the concept of tortuosity and percolation theory.

2.1 The Permeability Model

The proposed permeability model is built on top of Kozeny-Carman model, which is

originally derived from the Poiseulle and Darcy’s laws (see Appendix A), by introducing

a percolation term c that models the connectivity of the porous space to obtain the

permeability k, as given by

k =
c

2

φ3

S2τ 2
, (2.1)

where the permeability is expressed in units of m2, c represents the pore connectivity,

φ the porosity, S the specific surface, defined as the ratio of porous surface area to rock

bulk volume, expressed in units of m-1, and τ the tortuosity, that represents the ratio of

total flow-path length to length of the sample.

About these model parameters, the porosity φ, which represents the storage ca-

pacity of the rock, can be derived from density, sonic and neutron logs by well-known

methods. Considering the porosity from density logs φd, the most common approach

is the well-know mass balance equation

φd =
ρ0 − ρ
ρ0 − ρfl

, (2.2)
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where ρ, ρ0 and ρfl represent the densities of the log reading, of the solid rock compo-

nent, and of the pore fluid, respectively.

The porosity from sonic logs φs can be derived from Wyllie Time Average equation

(WYLLIE et al., 1956), given by

φs =
∆t−∆t0

∆tfl −∆t0
, (2.3)

where ∆t, ∆t0 and ∆tfl are the transit times of the log reading, of the solid rock com-

ponent, and of the pore fluid, respectively.

The neutron porosity φn is measured directly from neutron log, and the porosity

prediction can be improved from a combination of these three log porosities using the

conventional Multiple Linear Regression (MLR) approach.

The other model parameters connectivity c, specific surface S, and tortuosity τ

have their estimation procedures described in the next sections.

2.2 Pore Connectivity

Since the real pore geometry is not consistent with the pipe-like geometry of the

original KC model, which often provides overestimated permeability values when com-

pared with the measured ones, the original model is modified by introducing a perco-

lation term c that models the connectivity of the porous space, based on percolation

theory, to obtain the more reliable permeability estimations.

The percolation theory has been a promising approach to quantify interconnectivity

effects of a system on its flow and transport properties through universal laws, where

the degree of connection accounts for the fraction of pores that belong to an infinite

network (BERNABÉ et al., 2010; GHANBARIAN et al., 2013).

This behavior is inserted in the permeability model by considering the rock as a

mixture of granular and matrix components, having matrix volume fraction χ, here rep-

resenting lime mud, which can be estimated from gamma ray logs γ considering the

cutoffs of the zones without the presence of lime mud γclean and completely formed by

carbonate mud γmud (e.g., mudstones):

χ =
γ − γclean

γmud − γclean
. (2.4)
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Since the universal features of percolation theory determine the form of the connec-

tivity function, the pore connectivity c can be parameterized in terms of χ assuming that

the amount of mud controls the flow capacity of the rock, specially depending how it is

distributed in the rock frame, which can reduce the pore throat size and consequently

the connectivity of the pores.

Thus, the connectivity function c can be modeled by a percolation behavior, as

given by

c(χ) =

[
1−

(
χ− χth
χc − χth

)d]
, (2.5)

where the subscripts th and c represent the values of χ which the connectivity starts

to be different from 1 and becomes zero, respectively. The constant d is the factor

responsible for controlling the curvature of the function.

The Fig. 1 shows the behavior of c as a function of the lime mud volume χ con-

sidering several values for the curvature constant d. For this case, the cutoffs χth and

χc were defined with 0 and 0.7, respectively. As can be observed in Fig. 1, in the

transition phase, the increment in the lime mud volume causes a reduction in the pore

connectivity, and its intensity is directly related to the constant of curvature d.

Figure 1: The connectivity function c as a function of the lime mud volume χ, for several
curvature values d. The cutoffs χth and χc were defined with 0 and 0.7, respectively.
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This percolation behavior tends to improve the permeability estimation in more het-

erogeneous granular rocks, since the original KC model does not take into account the

interconnectivity of the pores.

2.3 Specific Surface Estimation

The specific surface S, defined as the ratio of porous surface area to rock bulk

volume, have been estimated in laboratory from methods based on nitrogen adsorp-

tion and digital image analysis, or in wells from correlations with the relaxation times

obtained from NMR logs (HEARST; NELSON, 1985).

In this work, a new approach for S is proposed using the Differential Effective

Medium (DEM) model (BERRYMAN, 1992; MAVKO et al., 2009), which estimates changes

on the composite elastic moduli due to the presence of isolated ellipsoidal inclusions

in a host medium, being able to define the pore geometry of the rock through concen-

tration and shape of the pores (see Appendix B).

The model considers the pores like ellipsoidal inclusions with semi-axes a and b

(Fig. 2), aspect ratio α and eccentricity e, respectively given by b/a and
√

1− α2, and

surface area Aellip and volume Vellip defined by

Aellip = 2πa2
(

1 +
1− e2

e
arctanh(e)

)
, (2.6)

Vellip =
4π

3
a3α. (2.7)

Figure 2: Ellipsoidal inclusion of semi-axes a and b.

Considering a porous space composed by N pore types, where for each pore type

the inclusions have the same shape and size, it is possible to calculate the specific
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surface S through the equation

S =
N∑
i=1

xi
Aellip i
Vellip i

, (2.8)

where xi is the volume fraction for each pore type (see Appendix C for the complete

equation derivation).

As can be observed from Eq. 2.6, 2.7 and 2.8, the specific surface S depends only

on the concentration x (volumetric parameter), the aspect ratio α (pore shape) and the

major semi-axis a (pore size) of the N inclusion types. In this work, these parameter

estimations followed a methodology similar to Xu and Payne (2009), where the total

porosity φ of the rock is divided into two dominant pore types, which each pore type

should have its own fraction, shape and size.

In relation to the pore aspect ratio α and pore size a, their estimative can be realized

from digital image analysis from thin sections or considering reference values for each

pore type when the texture information is available, e.g., Xu and Payne (2009) and

Lima Neto (2015) for pore shape, and Choquette and Pray (1970) for pore size. The

estimation of each pore type fraction is then performed using the DEM inclusion model

by modeling the relation between the compressional velocity V p and the porosity φ for

different fractions of each pore type (Fig. 3).

Figure 3: DEM rock physics template for V p and porosity φ. The curves represent
different pore fractions f1 and f2 for a dual porosity model with dry inclusion aspect
ratios of α1 = 0.05 and α2 = 0.55 in a calcitic host medium.
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Fixing the aspect ratio α for each pore type, the pore type fractions f are estimated

from the analysis of which fractions, when composing the total porosity of the rock,

estimate the DEM modeled compressional velocity V p with the smallest error when

compared real V p measured by the logging tool. During this step, dry ellipsoidal inclu-

sions are initially considered in a host medium formed by the mineral calcite and being

subsequently saturated with the Gassmann (1951) equations (described in Appendix

D).

Therefore, from the predefined size and shape of the inclusions for each pore type

and considering their estimated fractions from the DEM model, it is possible to estimate

the specific surface through the Eq. 2.8.

2.4 Tortuosity Estimation

The tortuosity τ , defined as the ratio of total flow-path length to length of the sample,

is an important geometric parameter for permeability estimation through the Kozeny-

Carman model, however, due to its high degree of uncertainty, many researchers ig-

nore its physical meaning considering it as a calibration parameter of the model.

Some works have presented correlations between tortuosity and the formation fac-

tor F , defined as the ratio of the resistivity of a fluid filled rock to the resistivity of that

fluid. Wyllie and Rose (1950), for example, considering that the resistivity of a porous

medium is proportional to the porosity, stated that F increases with the decrease of

porosity φ through a factor defined as tortuosity:

F =
τ

φ
. (2.9)

Archie (1942) derived an empirical relationship, in which F varies with φ for a group

of rocks with uniform lithology through the equation

F = φ−m, (2.10)

where the parameter m is the cementation coefficient, which can vary from 1.3 to 3,

and for intergranular rocks is approximately 2 (ARCHIE, 1942; WYLLIE; ROSE, 1950).

Substituting the Eq. 2.10 in Eq. 2.9, the tortuosity τ can be estimated from porosity
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φ and cementation coefficient m, as given by

τ = φ1−m, (2.11)

where the rock becomes more tortuous with the reduction of porosity and with the

increase of the cementation coefficient m.
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3 Sensitivity Analysis of the
Permeability Model

The sensitivity analysis of the modified Kozeny-Carman model aims to identify the

influence of model parameters on the relation between permeability k and porosity φ.

The initial model parameters consider an idealized dual porosity rock framework, where

the features for the pore type 1 are associated to microcracks, having aspect ratio α1 =

0.05, major semi-axis a1 = 0.03 mm and pore fraction f1 = 40%, and for the pore type

2 are associated to interparticle pores, with aspect ratio α2 = 0.55, major semi-axis a2
= 0.5 mm and pore fraction f2 = 60%. The pore connectivity c and the tortuosity τ are

initially defined as 0.7 and 2, respectively.

Considering the well-known scatter in the relation between k versus φ, the Fig. 4

analyzes the influence of tortuosity τ , which significantly reduces k for the entire range

of φ. In relation to the pore connectivity c, the Fig. 5 shows that c increases k at a given

φ, resulting in a vertical linear displacement of the curve k versus φ.

With respect to the variation of pore aspect ratio α, the pore type 1 presents a large

variation of k for a given φ (Fig. 6), whereas the pore type 2 is almost non-sensitive

with these changes (Fig. 7). This behavior can be explained since the roundness of the

pores improves the aperture to fluid flow, and this effect has more influence on small

pores present in the rock.

About the pore size a, the pore type 1 (Fig. 8), with low aspect ratio, presents more

variation of k at a given φ than pore type 2 (Fig. 9). Considering the initial conditions of

pore type 2, the improvement in k with the variation of a1 occurs mainly because both

pore types have better fluid flow conditions. However, varying a2 the same improvement

in k is not perceived, since the initial geometry of the pore type 1 does not contribute

to fluid flow.

The Fig. 10 analyzes the variation of pore fractions f1 and f2, where the increasing

of f1 significantly reduces k for a certain φ, principally for low fractions (f1 < 20%). This
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fact confirms the premise that the presence of pores with small size and aperture in

the pore space tends to reduce the permeability in rocks.

This sensitivity analysis showed that permeability is strongly dependent on tortu-

osity, pore connectivity and pore geometry, which the last one can be parameterized in

terms of size, shape and fraction of the pore types. Thus, the proposed dual porosity

model can be applied for permeability prediction in more heterogeneous rocks, such

as carbonates.

Figure 4: The KC model curves of permeability k versus porosity φ, considering the
variation of tortuosity τ for a dual porosity rock framework.
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Figure 5: The KC model curves of permeability k versus porosity φ, considering the
variation of pore connectivity c for a dual porosity rock framework.

Figure 6: The KC model curves of permeability k versus porosity φ, considering the
variation of aspect ratio α1 for a dual porosity rock framework.
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Figure 7: The KC model curves of permeability k versus porosity φ, considering the
variation of aspect ratio α2 for a dual porosity rock framework.

Figure 8: The KC model curves of permeability k versus porosity φ, considering the
variation pore size a1 for a dual porosity rock framework.
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Figure 9: The KC model curves of permeability k versus porosity φ, considering the
variation of pore size a2 for a dual porosity rock framework.

Figure 10: The KC model curves of permeability k versus porosity φ, considering the
variation of pore fraction f1 for a dual porosity rock framework.
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4 Field Data Application

The new method is applied in a dataset from an Albian carbonate sequence de-

posited in a marine environment of shallow platform, in Campos Basin, which is located

along the continental shelf of Rio de Janeiro State, southeastern Brazil. The basin cov-

ers an area of approximately 100.000 km2 and corresponds to the main sedimentary

area already explored off the Brazilian coast, comprising currently 41% of the country’s

oil production (Carrasquilla and Nelson, 2014).

The post-salt carbonate sequence comprises ramp deposits with various textures,

such as grainstones, packstones, wackestones and mudstones, stacked on sea level

change cycles related to high, moderate and low energy of the depositional environ-

ment. During higher sea levels, mudstones and wackestones with carbonatic mud

associated are found. Given the complex heterogeneity of carbonate reservoirs, nor-

mally it exists a low recovery factor, and a difficult correlation between rock properties

and geophysical data.

From the 27 drilled wells in the field, the selected well A10 has a more complete

dataset, including basic geophysical logs (gamma ray, resistivity, density, neutron, and

sonic), laboratory petrophysical data (porosity and permeability) and geological inter-

pretation (lithofacies and stratigraphy). The depth interval studied in this work varies

from 1758 to 1841 m and comprises an oil and oil-water transition zones with different

carbonate textures.

Aiming to identify and characterize the oil reservoir and the oil-water contact, the

Fig. 11 shows a basic log plot containing depth (1), facies texture description from core

and thin section analysis considering the Dunham (1962) classification (2), gamma ray

and compressional slowness (3), deep and shallow electrical resistivity (4), bulk density

and neutron porosity (5), and water saturation (6).

The facies description and gamma ray log are good indicators of sea level changes

during the deposition of the sediments that constitute the formations. The top of the

reservoir, identified close to 1758 m, is characterized by a significantly decreasing in
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the gamma ray log and for an increasing in the deep resistivity. The oil interval is also

characterized by a crossover between bulk density and neutron logs represented by

the yellow color. The oil-water contact is close to 1820 m, once the drilling mud is

water based and the deep resistivity decreases approaching the invaded zone resis-

tivity. The sonic log ranges from 60 to 100 us/ft and this variation is associated to the

reservoir heterogeneity involving different pore types, the presence of lime mud and

the occurrence of cementation in some intervals.

Considering the laboratory data, 173 core samples covering the oil and oil-water

transition zones were selected. This dataset presents high porosity values varying

from 6 to 34% and a wide permeability range from 0.1 to 8100 mD. Initially, the relation

between permeability and porosity was investigated (Fig. 12), and as it can be seen,

the permeability shows a considerable scatter at a given porosity indicating lack of

correspondence between these two properties. This spreading indicates that factors

like pore geometry and pore connectivity can have more influence on permeability than

porosity, requiring more specialized models to improve the prediction of permeability.

Figure 12: Crossplot of permeability ksample and porosity φsample from laboratory core
data, indicating lack of correspondence between these properties.

The porosity is estimated from well logs neutron, density and sonic, comparing the

results with laboratory measurements. The neutron porosity φn is measured directly

from the neutron log, while the density porosity φd and the sonic porosity φs are es-

timated through the mass balance equation (Eq. 2.2) and the Wyllie Time Average
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equation (Eq. 2.3), respectively.

The input parameters of Eq. 2.2 and 2.3 consider the density and the slowness of

mineral calcite, respectively given by ρ0 = 2.71 g/cm3 and ∆t0 = 46.7 us/ft (MAVKO et al.,

2009). The parameters for the pore fluids are estimated from Batzle and Wang (1992)

equations considering the water saturation in the pore space. Since the initial pressure

of the reservoir is 18.34 MPa, the average temperature is 70°C, the water salinity is

90000 ppm, and the oil density, in standard conditions, is 21 API, the fluid properties

estimated from Batzle and Wang’s equations are ρw = 1.06 g/cm3 and ∆tw = 183.4 us/ft

for water, and ρo = 0.89 g/cm3 and ∆to = 220.9 us/ft for oil.

The measured porosity from neutron log and the estimated porosities from density

and sonic logs are shown in Fig. 13, in tracks 1, 2 and 3, respectively. The core sample

porosity is also shown in Fig. 13 and exhibits low correlation with the log estimative,

having correlation coefficient R2 equals to 0.30, 0.32 and 0.06 for neutron, density and

sonic porosities, respectively. The correlation coefficient between log and laboratory

porosity is improved by performing a Multiple Linear Regression (MLR), which com-

bines the neutron φn, density φd and sonic φs fractional porosities, as given by

φmlr = 0.19φn + 0.97φd − 0.02φs − 0.01. (4.1)

The MLR porosity φmlr, shown in Fig. 13-4, improves the porosity prediction, in-

creasing the correlation coefficient R2 to 0.44. It is expected that small differences

between measured and predicted porosity do not contribute to high errors on perme-

ability estimative, since according to KC model, small variations on porosity do not

contribute for high variations on permeability, principally for higher porosities.

The specific surface S is predicted from Eq. 2.8 by modeling a rock with two pore

types, having respectively aspect ratios α1 and α2, pore space fractions f1 and f2 and

major semi-axes a1 and a2. The pore aspect ratios can be determined from thin section

image analysis, and in this work they are fixed, for all well samples, as α1 = 0.05

and α2 = 0.55. These values consider the results found by Lima Neto (2015), being

representative for micro and macro-meso pores, respectively.

The pore fractions f1 and f2 are determined for each well sample using the DEM

model, as shown in Fig. 14. From this figure, it is possible to see a considerable

scatter on the relation between log measured compressional velocity V p and MLR

porosity. This spreading can be associated to the occurrence of different pore types,

since the pore type 1 is characterized by a more compressive pore shape, giving to
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Figure 13: Log plot of porosity showing from the left to the right: 1 - the porosity
measured from neutron log, 2 - the density porosity, 3 - the sonic porosity, and 4 - the
porosity estimated by the Multiple Linear Regression (MLR) approach. The blue data
points represent the measured porosity from core samples.

the samples lower velocity values, and the pore type 2 is characterized by a stiffer pore

format, giving higher velocities than pore type 1.

To perform the estimation of f1 and f2, dry ellipsoidal inclusions are initially consid-

ered in a nonporous host medium composed by the mineral calcite, with bulk and shear

moduli, respectively given by 70.8 and 30.3 GPa. The dry inclusions are subsequently

saturated with Gassmann (1951) equations considering the oil and water saturations

and their respective bulk moduli, given by 1.69 and 2.94 GPa. Thus, the pore frac-

tions f1 and f2 are estimated by modeling the DEM V p with the smallest error when

compared to the measured V p.

The Fig. 15-8 shows the measured and DEM estimated compressional velocities.

The result shows a good agreement between them, validating the pore type fraction

prediction. Since DEM model allows the estimative of bulk and shear moduli of the rock

(see Appendix B), the shear velocity V s is estimated, which is also show in Fig. 15-8.

The absence of the shear slowness log does not allow the validation of V s prediction,

but its estimative has a considerable applicability on seismic analysis of porous media.
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Figure 14: DEM rock physics template for V p and porosity φ. The curves represent
different pore fractions f1 and f2 for a dual porosity model with inclusion aspect ratios of
α1 = 0.05 and α2 = 0.55 in a calcitic host medium. The data points relate the measured
sonic velocity and the MLR porosity.

The estimated pore fractions f1 and f2 are shown in Fig. 15-9. The results indicate

the predominant occurrence of pore type 2, although some intervals present relevant

fractions of pore type 1, principally those containing lime mud fractions.

The pore size parameterization is improved by applying a Flow Unit (FU) classifica-

tion following the graphical method of Gunter et al. (1997), which considers the storage

and flow capacity of the core samples. This approach allowed identifying four flow units,

as showed in Fig. 15-3, with the depth range presented in Table 1. According to the

textural description in Fig. 15-2, the FU’s 1 and 3 are composed by grainstones and

packstones with some cemented intervals, while the FU’s 2 and 4 comprises mainly

formations with occurrence of lime mud, like mudstones and wackestones.

Table 1: The depth range and the major semi-axes a1 and a2 for each FU, used for
specific surface prediction.

Flow Unit (FU) Depth section (m) a1 (mm) a2 (mm)
1 1758.0 - 1789.1 0.10 0.50
2 1789.1 - 1803.6 0.01 0.06
3 1803.6 - 1818.6 0.20 0.50
4 1818.6 - 1841.5 0.01 0.05
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The semi-axes a1 and a2 are also shown in Table 1, being determined qualitatively

from thin sections images, considering the textural interpretation for each FU and the

Choquette and Pray (1970) pore size classification (micropores < 0.0625 mm; 0.0625

mm < mesopores < 4 mm; 4 mm < megapores < 256 mm). The pore size a1 defines

smaller and more compressive pores in the rock framework, while pore size a2 repre-

sents larger and stiffer pores. According to the Choquette and Pray classification, the

FU’s 1 and 3 are composed mainly for pore sizes in the mesopore scale, while the FU’s

2 and 4 by pores in the micropore scale, with a2 close to the limit between micro and

mesopores. This result reflects the geological interpretation for each interval.

The result for the specific surface S is presented in Fig. 15-11, with the FU’s 2 and

4 showing the highest values among all intervals, indicating a more complex pore ge-

ometry. In contrast, the FU’s 1 and 3 show small S estimative, which reflect a good sort

and arrangement of grains. These observations correlate well with the corresponding

interval flow and storage capacity.

The connectivity function c (Fig. 15-10) is computed considering the effect of car-

bonatic mud on the pore connectivity through the lime mud volume χ (Fig. 15-5), which

was computed from gamma ray γ log (Fig. 15-4), using the conventional approach

given by Eq. 2.4, considering the thresholds γclean = 20 API for clean carbonate, and

γmud = 60 API for lime mud. The other parameters χth, χc and d for the connectivity

function c are defined as 0, 0.7 and 0.2, respectively.

The tortuosity prediction (Fig. 15-12) considers the MLR porosity (Fig. 15-6) and

a fixed cementation coefficient m = 2.0 for all well samples. The estimated tortuosity

ranges from 3.5 to 10.7, and the higher values are found in the FU 4, which represents

the more cemented interval. Note also in Fig. 15-7, the good agreement between log

measured and predicted bulk density, which was derived from the well-know mass bal-

ance equation, considering the water and oil saturations. Its estimative was employed

during the DEM model procedure.

After estimating all parameters of the modified Kozeny-Carman model, the perme-

ability was calculated through Eq. 2.1, with the results shown in Fig. 15-13, where

the data points represent the core permeability. As observed, the permeability esti-

mated by the new method shows reasonable correlation with the measured values in

all intervals. Although most well samples have good porosity values and small tortuos-

ity variations, the FU’s 1 and 3, that have the highest permeability values, have good

pore connectivity and small specific surface values, while the FU’s 2 and 4 have a poor

pore connectivity and higher specific surface values, which consequently provides low
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permeability values.

The Fig. 16 shows a crossplot comparing the log of estimated and measured

permeability from core samples, where the data points are colored according to the

Flow Unit classification. The correlation coefficient between the log of measured and

predicted permeability is R2 = 0.76. The good agreement validates the applicability of

the proposed methodology, which takes into account the pore geometry modeling and

the pore connectivity.

Figure 16: Comparison between the log of estimated permeability kest and the log of
measured permeability from core samples ksample. The data points are colored accord-
ing to the Flow Unit (FU) classification.
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5 Discussion

The first question that can be arrised in the method is: which are the advantages

of considering the pore geometry and connectivity during permeability modeling? We

have seen from previous works and from the dataset in Fig. 12 that single relations

between permeability and porosity are not able to provide reliable predictions of per-

meability. This lack of correspondence indicates that other pore related parameters,

involving shape, size and connectivity, appear to control the flow capacity of the rocks,

and the physical models that take into account these effects are a promise to improve

substantially the permeability estimation.

In this sense, the method has an advantage in considering the effects of specific

surface, flow path tortuosity and pore connectivity on permeability prediction, which

proved its applicability in an Albian carbonate reservoir through a correlation coefficient

R2 = 0.76 between measured and estimated permeability. The error associated to this

estimative is originated from many factors, including the physical model assumptions,

which initially considers a pipe-like geometry, and the uncertainties associated to the

model parameter estimations.

The first of all, and perhaps the least important, is the uncertainty related to the

porosity prediction, which involves the model assumptions and the uncertainties of

pore fluid and mineralogical content during the estimative of neutron, density and sonic

porosity. According to the sensitivity analysis, these errors provide a small influence on

permeability when compared to the effects of pore geometric parameters.

Since the specific surface approach has an advantage in considering the effect ofN

pore types, the permeability was estimated by modeling a dual porosity rock framework

containing a more compressive pore with α1 = 0.05 and a stiffer pore format with α2

= 0.55, which are commonly attributed to micro and macro-meso pores, respectively.

The fractions of these pore types were estimated through the DEM model, considering

their effect on the spreading between V p and porosity φ, as shown in Fig. 14. The

velocities have been employed on permeability prediction in works of Fabricius et al.

(2007) and Saxena (2017), and in this study, the pore geometry seems to be a bridge
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to correlate the elastic behavior with the flow capacity of rocks.

About the pore size parameterization, the Flow Unit classification performed the

reservoir zoning by applying the graphical method of Gunter et al. (1997). This ap-

proach was chosen because the laboratory core data covers the entire reservoir, and

it returns stratigraphically continuous intervals, however any facies classification de-

rived from well logs can be used to perform the reservoir zoning. The pore sizes a1
and a2 were fixed for each FU according to the geological interpretation following the

Choquette and Pray (1970) classification, although they do not provide an accurate

description of pore geometry variations throughout the studied interval.

The fixed pore shape formats, characterized by the aspect ratios α1 and α2, are not

necessarily correlated with the pore sizes a1 and a2, even though some researchers

have associated them with micro and macro-meso pores, respectively. According the

results, the UF’s 1 and 3 presented both pore types at mesopore scale, while UF’s 2

and 4 presented pore types at micropore scale, with a2 close to the limit between micro

and mesopores. This assumption assumes that different pore shapes can occur at any

pore size scale, being able to substantially modify the flow capacity of the rocks.

The Kozeny-Carman model was modified through a connectivity function based on

percolation theory to model the effect of pore connectivity. The connectivity equation

assumes that the amount of carbonatic mud controls the flow capacity of the rock,

since it partially fills the porous space between the carbonatic grains, reducing the

pore throat size. The lime mud fraction was derived from the gamma ray log, which

presents a strong correlation with the permeability data obtained in laboratory tests.

During this estimative, the presence of lime mud was associated to high radioactivity

values, since the elements Potassium, Thorium and Uranium are related to the clay

and organic matter contents, commonly deposited in low energy environments.

The tortuosity was estimated by a conventional approach based on porosity and

Archie’s cementation coefficient m, which takes into account the concept of electrical

tortuosity. Since this simplified model fixes m = 2 for all well samples, the results show

small variations in the UF’s 1, 2 and 3, with UF 4 presenting the higher tortuosity values.

This increasing is associated to the porosity reduction by diagenetic processes, involv-

ing cementation and dolomitization, which show a clear relation with the oil migration,

since the cementation is more expressive in the water zone.

Finally, since the permeability model takes into account these volumetric and geo-

metric parameters, it is possible to analyze, from Fig. 15, how permeability is influenced

for each one. For it, two core samples with similar porosity and different permeability
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values were analyzed. The core sample 1, localized at depth 1771.0 m, has measured

porosity and permeability equal to 23.7% and 2000.0 mD, respectively, while the core

sample 2, localized at 1832.8 m, presents laboratory porosity and permeability equal

to 22.0% and 1.2 mD, respectively. The estimated values from MLR porosity and mod-

ified KC model are respectively 23.8% and 1630.5 mD for sample 1, and 20.8% and

0.4 mD for sample 2, having good correlation with the measured values.

The sample 1 is a grainstone localized at FU 1, and the high permeability value

can be associated to a better size, sorting and arrangement of the grains and the ab-

sence of lime mud, giving to the rock high pore connectivity. About the estimated pore

geometric parameters, the sample has 70.7% of the modeled pore space composed

by more rounded pores and the pore sizes in the mesopore scale, which give to the

sample a small specific surface value. Considering the low tortuosity value, the sample

has all necessary characteristics for a good flow capacity, which is confirmed with the

high laboratory permeability value.

In contrast, the sample 2, localized at FU 4, has a very small permeability value,

although it has a considerable storage capacity. This fact can be explained by the high

volume of lime mud, which reduces the pore connectivity to 19.7%. About the pore

geometric parameters, the sample has 47.4% of the modeled pore space composed

by more compressive pores and the pore sizes in the micropore scale, which return a

high specific surface value. The tortuosity has also a small value, close to 5, and these

estimative justify the low permeability value for a rock with 22.0% of porosity.
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6 Conclusions

This work proposed a new approach to account the effect of pore geometry and

pore connectivity on permeability prediction through a modified Kozeny-Carman model.

From the studied Albian carbonate dataset, the results showed that the lime mud vol-

ume and the presence of more compressive and smaller pores make the pore geome-

try complex, reducing the permeability of rocks, even for high porosities.

The results show that the proposed method can reproduce reasonably well perme-

ability measurements over the range of 0.1 to 8100 mD in oil and oil-water transition

zones comprising different carbonate textures, with porosity varying from 6 to 34%. It

confirms that pore geometry and pore connectivity are the main parameters that con-

trol the fluid flow, which can be used in specialized models to reduce the permeability

estimation errors.

Finally, since the modified KC model produces continuous permeability estimative

along the well from basic geophysical logs, the approach reduces the dependence of

special logs, e.g., NMR, and the necessity for large number of core sample measure-

ments. These advantages increase the model applicability for older well datasets, and

can reduce the costs involving the special log acquisition and core sample extraction.

6.1 Suggestions for Future Research

• To study the model applicability in a laboratory dataset with the pore geomet-

ric parameters obtained from digital image analysis, aiming to improve the pa-

rameterization of porosity, specific surface and tortuosity, principally in pre-salt

reservoirs;

• To derive a connectivity function based on coordination number or other geo-

metric parameter using the percolation theory, in a similar approach develop by

Bernabé et al. (2010). This modification will allow estimate pore connectivity from

computational methods in laboratory;
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• Improvement of the computational performance of the DEM inclusion model, and

apply other models to characterize the rock framework, like T-matrix and Hudson

(1980) model, which takes into account the anisotropic effects;

• Improve the tortuosity estimative from methods that consider the pore geometry

and percolation theory, like Ghanbarian et al. (2013).
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APPENDIX A -- The Kozeny-Carman Model

The Kozeny-Carman (KC) model (CARMAN, 1961) is a physical model that allows

estimating the permeability of a porous medium through parameters such as porosity,

specific surface, tortuosity and grain size. The derivation of the model is based on flow

through a set of n tubes having a circular cross-section with radius R (Fig. 17).

Figure 17: The KC model concept for a single tube with length l and radius R. The
parameter L represents the length of the sample [Modified from Schön (2011)].

Thus, the flow for a given set of n tubes of radius R and length l can be described,

according to Poiseulle’s law, as

q = −nπR
4

8η

∆P

l
, (A.1)

where q represents the flowing fluid volume per time, ∆P the pressure drop along the

tubes and η the dynamic viscosity of the fluid.

The comparison with Darcy’s law expressed by

q = −kA
η

∆P

L
, (A.2)

where k is the permeability, L the length of the sample and A the cross-sectional area
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of flow, gives the effective permeability of a porous medium expressed as

k =
nπR4L

8Al
. (A.3)

Considering the concept of tortuosity, defined as the ratio of total flow-path length

to length of the sample (τ = l/L), the Eq. A.3 can be rewritten as

k =
nπR4

8Aτ
. (A.4)

Since the porosity φ for the pipe system described above is given by

φ =
nπR2l

AL
=
nπR2τ

A
, (A.5)

and the specific surface S, defined as the ratio of porous surface area to rock bulk

volume, is expressed as

S =
2nπRl

AL
=

2nπRτ

A
=

2

R

nπR2τ

A
=

2φ

R
, (A.6)

the comparison of porosity equation (Eq. A.5) with the Eq. A.4 gives

k =
φR2

8τ 2
, (A.7)

and finally, the correlation of specific surface equation (Eq. A.6) with Eq. A.7 gives

k =
1

2

φ3

S2τ 2
, (A.8)

which is known as the Kozeny-Carman equation, and as it can be observed, the per-

meability estimation depends only on porosity, specific surface and tortuosity.

From the analysis of Eq. A.8, the permeability has units of area (m2), which defines

it as a geometric measure. In the oil industry, the most commonly used unit is Darcy

(D) or miliDarcy (mD), and the relation between these units is given by

1D = 0.9869 10−12m2 ≈ 1µm2. (A.9)

A common extension of the KC model is to consider a packing of identical spheres

of diameter D. Although this granular pore space geometry is not consistent with
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the pipe-like geometry, it is common to use the original KC functional form. Thus,

considering a set of spheres, the specific surface S can be expressed in terms of

porosity, through the equation

S =
6(1− φ)

D
, (A.10)

which leads to the permeability expression

k =
1

72

φ3

(1− φ)2τ 2
D2. (A.11)

There is also a diversity of models and relations derived from the KC equation.
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APPENDIX B -- The Differential Effective
Medium Model

The Differential Effective Medium (DEM) model (BERRYMAN, 1992; MAVKO et al.,

2009) describes a composite material with two phases in which the elastic moduli

changes due to infinitesimal additions of inclusions (phase 2) in a host medium (phase

1). This iterative process is continued until the desired proportion of the constituents

is reached. In this theory, the formulation is given by a coupled system of ordinary

differential equations derived from Kuster and Toksöz (1974) model to calculate bulk

K∗(φ) and shear µ∗(φ) moduli of the composite, as given by

(1− φ)
d

dφ
[K∗(φ)] = (K2 −K∗)P ∗2(φ), (B.1)

(1− φ)
d

dφ
[µ∗(φ)] = (µ2 − µ∗)Q∗2(φ), (B.2)

with initial conditions K∗(0) = K1 and µ∗(0) = µ1, where K1 and µ1 are, respectively,

the bulk and shear moduli for the phase 1, K2 and µ2 are the bulk and shear moduli of

inclusion phase 2, and P ∗2 and Q∗2 are geometrical factors depending on the aspect

ratio α of the inclusions, and their superscript ∗2 indicates that these factors are for an

inclusion of material 2 in a background medium with effective moduli K∗ and µ∗. For a

porous medium, φ is the porosity and dφ is the infinitesimal increment in porosity.

The DEM model does not treat each constituent symmetrically, and for multiple in-

clusion shapes, the effective moduli depend not only on the final volume concentrations

of the constituents but also on the order in which the incremental additions are made.

Because the inclusions are isolated with respect to flow, this approach simulates high-

frequency saturated rock behavior, and at low frequencies it is better to estimate the

effective moduli for dry inclusions and then saturate them with the Gassmann (1951)

equations (MAVKO et al., 2009).
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APPENDIX C -- The Specific Surface Approach

The specific surface approach considers the pores like ellipsoidal inclusions with

semi-axes a and b (Fig. 2), aspect ratio α and eccentricity e, respectively given by b/a

and
√

1− α2, and surface area Aellip and volume Vellip defined by

Aellip = 2πa2
(

1 +
1− e2

e
arctanh(e)

)
, (C.1)

Vellip =
4π

3
a3α. (C.2)

Considering a porous space composed by N pore types, where for each pore type

the inclusions have the same shape and size, the total pore surface area Apore and total

pore volume Vpore can be expressed by

Apore =
N∑
i=1

MiAellip i, (C.3)

Vpore =
N∑
i=1

MiVellip i, (C.4)

where Mi represents the number of inclusions for each pore type.

The specific surface with respect to pore volume Spore can then be expressed as

Spore =
Apore
Vpore

=

∑N
i=1MiAellip i∑N
i=1MiVellip i

. (C.5)

Considering the porosity φ as the ratio of total pore volume Vpore to the bulk volume

of the rock Vbulk, it can be represented as a sum of the volume fractions xi of the N



39

pore types, as given by

φ =
Vpore
Vbulk

=
N∑
i=1

xi, (C.6)

where the volume fraction xi can be correlated with the pore space fraction fi through

the equation

xi = fiφ. (C.7)

Substituting the Eq. C.4 in Eq. C.6 gives

∑N
i=1MiVellip i
Vbulk

=
N∑
i=1

xi, (C.8)

and from this relation it is possible to state that

MiVellip i = xiVbulk, (C.9)

which allows to estimate the number of inclusions for each pore type Mi as

Mi = xi
Vbulk
Vellip i

. (C.10)

Substituting the Eq. C.10 in Eq. C.5 gives

Spore =

∑N
i=1 xi

Aellip i

Vellip i∑N
i=1 xi

, (C.11)

in which, considering the Eq. C.6, is the same as

Spore =

∑N
i=1 xi

Aellip i

Vellip i

φ
. (C.12)

Since the specific surface with respect to the bulk volume is S = Sporeφ, the specific

surface can be expressed as

S =
N∑
i=1

xi
Aellip i
Vellip i

. (C.13)
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As can be observed from Eq. C.1, C.2 and C.13, the specific surface S depends

only on the concentration x (volumetric parameter), the aspect ratio α (pore shape) and

the major semi-axis a (pore size) of the N inclusion types.
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APPENDIX D -- The Gassmann Model

One of the challenges of rock physics modeling is the understanding and prediction

of how velocities and impedance depend on the porous fluid (AVSETH et al., 2005). In

this context, the fluid substitution models estimate the elastic properties of a porous

rock at one fluid state, and predicts these properties for another fluid state (MAVKO et

al., 2009).

The Gassmann model assumes that the rock is macroscopically homogeneous and

isotropic, and it is valid only at low frequencies, such that the induced pore pressures

are equilibrated throughout the pore space. In other words, there is sufficient time for

the pore fluid to flow and reduce the effect of the wave-induced pore pressure (SCHÖN,

2011; MAVKO et al., 2009).

Considering the effects of rock deformation, the equation for calculating the bulk

modulus of a saturated rock Ksat is expressed by

Ksat = Kdry +

(
1− Kdry

K0

)2
φ
Kfl

+ 1−φ
K0
− Kdry

K2
0

, (D.1)

and for dry rocks as

Kdry =
Ksat

(
φK0

Kfl
+ 1− φ

)
−K0

φK0

Kfl
+ Ksat

K0
− 1− φ

, (D.2)

where Kdry is the effective bulk modulus of the dry rock, K0 the bulk modulus of the

solid rock component, Kfl the bulk modulus of the pore fluid, and φ the porosity.

Because the shear modulus µ is independent of the pore fluid, it is the same for

both saturated and dry rocks:

µsat = µdry. (D.3)
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The calculation of the density ρ can be performed using mass balance equation

ρ = ρ0(1− φ) + ρflφ, (D.4)

where ρ0 and ρfl represent the density of solid rock component and of the pore fluid,

respectively, and φ the porosity of the rock.

Thus, considering the equations for elastic moduli K and µ and density ρ, the

compressional velocity V p and shear velocity V s can be estimated from equations

V p =

√
K + 4

3
µ

ρ
, (D.5)

V s =

√
µ

ρ
. (D.6)

This sequential description allows predicting saturated-rock velocities from dry-rock

velocities, and vice versa.
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