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a b s t r a c t

A variety of petrophysical experimental techniques were used to analyze the core samples of the Subei
Basin, China, and a three-dimensional digital rock model was constructed. The electrical simulation
method based on digital rock model was used to clarify the influence of pore structure and complex
mineral components (clay minerals, organic matter, metallic minerals) on rock conductivity in the study
area. This study, based on petrophysical experiments and digital core technology, proposes a saturation
evaluation model that considers the complex mineral composition of the rock and the pore-throat size
classification. The newly developed saturation model, constructed using a tri-pore-throat parallel
conductive model and fluid distribution model, has demonstrated excellent application potential in the
Subei Basin, China. The findings of this study offer a reliable approach for evaluating the saturation of
continental shale oil reservoirs.
© 2025 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-

nd/4.0/).

1. Introduction

In recent years, advancements in oil exploration technology
have enabled shale reservoirs to meet the energy demands of
many countries. China possesses abundant continental shale oil
resources, offering significant exploration potential (Wang et al.,
2024). However, compared with conventional reservoirs, shale
reservoirs are not only complex in lithology, rich in organic matter,
but also have different proportions of inorganic minerals such as
quartz, calcite and clay minerals. Moreover, the pore structure and
type are complex. There are various types of pores, including not
only intergranular pores, but also organic pores, clay pores and
other pore types, as well as low porosity and low permeability.
Therefore, refining reservoir evaluation techniques is essential for
further exploration efforts (Gao et al., 2024).

Resistivity logging is a crucial method for determining reservoir
water saturation and plays an irreplaceable role in reservoir

evaluation (Lai et al., 2024; Gupta and Kamal, 2023; Zhu et al.,
2022; Wang et al., 2022; Wei et al., 2015). Archie (1942) pro-
posed the relationship between resistivity and water saturation in
hydrocarbon-bearing formations, establishing a theoretical foun-
dation for using logging data to assess reservoir saturation (Archie,
1942). However, subsequent research revealed that this formula
does not apply to reservoirs with high clay content, sparking
ongoing exploration for new theories and methods. Many scholars
expanded the Archie model by incorporating clay effects,
improving its predictive accuracy through clay corrections
(Simandoux, 1963; Alger and Raymer, 1963; Poupon et al., 1954;
Waxman and Smits, 1968; De Witte, 1955). Schlumberger (1989)
introduced the Total Shale model, an enhancement of the Siman-
doux formula that disregards clay dispersion, which has since been
widely applied to saturation calculations in shale reservoirs
(Schlumberger, 1989; Sam-Marcus et al., 2018). In addition, some
scholars have studied the conduction mechanism of organic
matter and further optimized the saturation evaluation model
(Kadkhodaie and Rezaee, 2016; Xu et al., 2017). Clavier et al. (1984)
introduced the dual-water model, which provided new insights
into evaluating hydrocarbon reservoirs with high clay content
(Clavier et al., 1984). Subsequently, some scholars have studied the
conductive network of the reservoir to improve the prediction
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accuracy of the saturation model (Givens, 1987; Amiri et al., 2015;
Mashaba and Altermann, 2015; Hu et al., 2024). With the devel-
opment of high-precision digital rock technology, the method of
combining petrophysical experiment with digital rock technology
to evaluate reservoir saturation is gradually emerging (Wu et al.,
2020; Zha et al., 2021; Sun et al., 2022).

However, due to the large number of factors affecting shale
resistivity and the large differences in shale mineral composition
and pore structure in different regions, the applicability of the
existing saturation evaluation model is limited. Therefore, it is
urgent to propose a shale reservoir saturation evaluation model
with wider applicability and comprehensive consideration of pore
structure and conductivity mechanism.

This study, based on petrophysical experiments and digital rock
technology, develops a saturation evaluation model tailored to the
mineral characteristics and pore-throat size. By employing digital
rock technology, the conductive mechanism of shale with complex
mineral composition is analyzed, ensuring validation between the
theoretical model and experimental data. Building on this, a new
model combining a tri-pore-throat system with a fluid saturation
form is constructed to effectively assess shale oil saturation. This
model not only offers theoretical universality but has also proven
highly effective in practical applications within the study wells,
providing new insights into the evaluation of shale oil saturation.

2. Geological background and experiments

2.1. Regional geological background

The Subei Basin is an onshore part of the South Yellow Sea-
Subei continental Mesozoic-Cenozoic basin. The geological pro-
file is shown in Fig. 1. It is in the northern part of Jiangsu Province,
China, and extends into the eastern part of Tianchang County,
Anhui Province. The basin is bounded by a line running from
Jiangdu to Rugao in the south and the coastal area in the north,
while to the west it stretches from Sihong to Xuyi and borders the
Yellow Sea in the east. It is a Mesozoic Cenozoic fault basin
developed on the lower Yangtze Para platform (Fu et al., 2023;
Liu et al., 2020).

The study area of this paper is the Gaoyou Sag, which lies in the
central part of the Dongtai Depression within the Subei Basin. To
the north, the terrain features the Liubao LowUplift and the Jianhu
Uplift, while the western and eastern sections of the sag are
marked by the Lintangqiao Low Uplift, the Zheduo Low Uplift and
the Wubao Low Uplift, respectively.

The Funing Formation (E1f) extends across nearly the entire
Subei Basin and is well preserved in the basin's sag areas, though it
has experienced varying degrees of erosion in the uplift zones. The
Funing Formation is subdivided, from bottom to top, into four
sections: E1f1, E1f2, E1f3, and E1f4. The focus of this study is the E1f2,
with data derived from well X. The mineral composition in this
region is highly variable, and the lithology shows significant
changes, which should be carefully consideredwhen designing the
subsequent experiments.

2.2. Design of experiments

In this study, we combine the traditional petrophysical experi-
ment methodwith the numerical simulationmethod to construct a
more universal shale oil saturation evaluation model. X-CT tech-
nology was employed to conduct high-resolution scans of typical
shale rock samples, enabling the construction of digital coremodels.
These digital cores were then subjected to electrical simulations
using thefinite elementmethod (FEM) to thoroughly investigate the
influence of rock components on electrical conductivity (Liu et al.,
2009; Zhao et al., 2013). The workflow is illustrated in Fig. 2.

The experiments followed a systematic process involving rock
sample line cutting, sample pretreatment, and rock physics testing.
Cylindrical shale samples for porosity evaluation, permeability
evaluation and electrical characterization were obtained by wire
cutting directional coring. Processed core samples underwent pore-
throat size analysis and mineral composition characterization.

Pore structure characterization was achieved through the
following petrophysical experiments analyses. (a) The rock re-
sistivity experiments were conducted using the RCS760 Resistivity-
Capillary Pressure Measurement System (CoreTest, USA). This sys-
tem dynamically simulates reservoir temperature, confining pres-
sure, and pore pressure conditions during core flooding tomeasure
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Fig. 1. Characteristics and tectonic evolution of the Subei Basin. (a) Schematic map of the area where the North Jiangsu Basin is located; (b) geologic overview map of the North
Jiangsu Basin; (c) geologic overview map of the study area and summary table of the Paleoproterozoic stratigraphy of the North Jiangsu Basin.
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electrical parameters of saturated rock samples. (b) Nuclear mag-
netic resonance (NMR) experiments were carried out with the
MARAN-ULTRA2 Core Analyzer (Oxford Instruments). The method
leverages the relaxation behavior of hydrogen nuclei (1H) in pore
fluids: transverse relaxation signals (T2 spectrum) are analyzed to
calculate total porosity. Pore-throat size distribution is derived from
the linear correlation between relaxation time and pore radius,
unaffected by formation water mineralization. (c) Nitrogen phys-
isorption measurements were performed using the AP608 Inte-
grated Porosity-Permeability Analyzer (CoreTest, USA). Based on
Boyle's Law, this method quantifies porosity and pore volume by
injecting nitrogen gas at controlled pressures into the core and
monitoring pressure-volume changes during gas expansion. Total
porosity and connected porosity are calculated through mass-
volume correlations, providing insights into both open and closed
pore networks within the rock matrix. (d) The AutoPore IV 9505
Automated Mercury Porosimeter was employed for mercury
intrusion experiments. This technique utilizes non-wetting phase
displacement governed by capillary mechanics: mercury is forced
into pores under incrementally increased pressure, with smaller
pores accessed at higher pressures.

Whole-rock mineral analysis was conducted using a Rigaku
SmartLab X-ray diffractometer, a high-resolution instrument for X-
ray diffraction (XRD) analysis of rock samples. The experiment is
based on the principle that the intensity of diffraction peaks from
specific crystalline phases reflects their proportion in the sample.
By analyzing diffraction intensity data, we can accurately quantify
the crystalline phases in the rock.

Digital core analysis was performed using the Phoenix Nano-
tom S digital core analysis system. While larger 3D digital cores
theoretically capture more details of the rock's microstructure,
reflecting its physical properties more accurately, practical limi-
tations such as storage and computational power must be
considered. Therefore, an optimal digital core size was chosen to
balance simulation accuracy with available computational
resources.

3. Experimental results and analysis

3.1. Pore penetration characteristics of samples in the study area

Three types of porosity were measured through petrophysical
experiments: porosity (NP), porosity (NMR), and total porosity.

The corresponding porosity cross plots are shown in Fig. 3(a). As
illustrated, porosity (NP) is significantly lower than total porosity,
while porosity (NMR) is slightly lower than total porosity.

This difference arises because porosity (NP) is estimated by
measuring the volume or permeability of gas in rock pores. During
practical experiments, gases cannot penetrate ineffective pores,
such as clay pores, partially disconnected clastic pores, and organic
pores. Instead, gases only access the effective pores, leading to an
underestimation of gas volume or permeability and thus a lower
measured porosity. Effective porosity refers to the connected
pores. Total porosity is determined using the weighing method in
the laboratory, which is more accurate. During the experiment, a
pressure of 30 MPa was applied for pressurized saturation,
allowing for the characterization of as many porosity conditions as
possible. Porosity (NMR) measures the magnetic nuclei signals
within rock pores using NMR technology to infer porosity. The
experiment used a frequency of 12 MHz, which is considered an
accurate method for characterizing rock porosity. However, shale
pores may contain components like non-magnetic organic matter,
which NMR struggles to detect, leading to slightly lower porosity
readings. Additionally, due to NMR resolution limitations, signals
from smaller pores may be lost, further contributing to the slightly
lower porosity (NMR) values (Wang et al., 2021; Zhu et al., 2022).

Combining the above analyses, a more accurate total porosity
was used for the subsequent study of the shale samples in the
study area. To explore the porosity-permeability relationship of
the samples in the study area, the cross plot of total porosity and
permeability was plotted, as shown in Fig. 3(b), and the porosity-
permeability model of the shale in the area was constructed. The
permeability K of the rock samples increased with the porosity ϕ
increases and is exponentially related to porosity:

K=0:0009 ⋅ exp(238:12ϕ) (1)

In the formula, the unit of ϕ is %, and the unit of K is mD.
In this study area, there are no obvious fractures in the rock

samples, but in fact, the reservoir is a dual-pore system composed
of matrix pores and natural fractures, which together determine
the permeability of the system. However, since the existing log-
ging methods cannot distinguish the matrix permeability or frac-
ture permeability, most of the previous studies represent the
system permeability by calculating the matrix permeability or
obtaining the fracture permeability. Subsequently, geophysical
logging data can be used to estimate the permeability of the
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Fig. 2. Numerical simulation combined with petrophysical experiments workflow.
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system in the study area to improve the correlation between
porosity and permeability (Qin et al., 2020).

3.2. Analysis of resistivity experimental results

Archie formula is an empirical relationship between the for-
mation resistivity factor F, porosity ϕ, water saturation Sw and
formation resistivity, which is the basis of applying well logging
data to quantitatively interpret oil andwater formations, and it has
simple, practical and clear physical significance. The basic form of
Archie formula is given in the following Eqs. (2) and (3):

F=R0=Rw = a=ϕm (2)

I=Rt
/
R0 = b

/
Snw (3)

where a is a lithologic coefficient related to lithology; b is a con-
stant related to lithology; m is the bonding index; n is the satu-
ration index; Rw is the formation water resistivity, Ω⋅m; R0 is the
100% saturated formation water rock resistivity, Ω⋅m; Rt is the
formation resistivity, Ω⋅m; ϕ is the porosity; I is the resistance
increasing coefficient.

Through the resistivity experiment, we can get the parameters
of the Archie formula. In this study, the rock resistivity analysis
data were obtained using the humidified compression drive
method, and the results are shown in Fig. 4. From the cross plots,
we can see that the application of the traditional Archie formula is
not good. As shown in the cross plot of I-Sw in Fig. 4(a), the data
points with water saturation (Sw) below 70% are more dispersed,
resulting in poor fitting accuracy. This can be attributed to the low
porosity and permeability characteristics of shale. Additionally,
during the initial stages of the experiment, the humidified im-
mersion method was used, which made it difficult for the brine to
fully penetrate the shale's pore spaces. Consequently, the experi-
mental data obtained through the weighing method were poorly
fitted and not truly representative. Data points with Sw values
above 70% were retained, and the modified cross plot of I-Sw is
presented in Fig. 4(b). From Fig. 4(c), it is evident that there are
significant variations among the rock samples from the study area.
The data distribution is quite scattered, indicating that the

lithology of the study area changes greatly, the mineral composi-
tion between the different rock samples is more complex and
diverse. Therefore, it is necessary to clarify the influence of com-
plex mineral composition on reservoir conductivity to improve the
accuracy of saturation evaluation.

3.3. Whole rock mineral content analysis

Whole-rock mineral analysis of the samples from the study
area is presented in Fig. 5. The mineral composition shows no
significant trend of variation with depth, and there is a wide range
in the mineral content, reflecting dramatic lithological changes.
Therefore, it is further confirmed experimentally that the study
area has complex mineral composition.

The felsic minerals (quartz, orthoclase, and plagioclase) range
from 18% to 72%. Carbonate minerals (calcite, dolomite, aragonite,
and ankerite) vary between 10% and 75%. Clay minerals (primarily
illite, montmorillonite, chlorite andmixed layer, with no kaolinite)
account for 6%–40% of the total mineral content. Metallic minerals,
mainly pyrite and siderite, are present in minimal quantities, with
most samples containing less than 10%. Notably, only one sample,
from a depth of approximately 4110 m, shows more than 15%
metallic minerals, with occasional high concentrations of siderite
in this sample.

These lithological changes greatly influence reservoir space,
physical properties, and oil content, resulting in reduced accuracy
when using conventional water saturation models. Therefore, it is
essential to account for lithological variations when developing a
more precise and targeted water saturation model.

3.4. Classification of mineral component

In view of the above researches, we try to divide the rock
samples based on mineral composition to improve the accuracy of
the saturation evaluation model. The shale in the study area is
mainly composed of argillaceous, calcareous and felsic, and the
average content of other minerals is less than 5%. According to the
core mineral analysis, as shown in Fig. 6(a)–(c), the rock mineral
components in the study area are divided into three categories by
the method of threshold division. Category 1: Gray argillaceous-
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silty hybrid felsic shale is predominantly composed of felsic brittle
minerals, with felsic brittle mineral content exceeding 45% and
clay mineral content below 30%; Category 2: Gray calcareous-silty
hybrid argillaceous shale exhibits elevated clay mineral content,
with clay minerals surpassing 35%; Category 3: Felsic-argillaceous
hybrid calcareous shale contains carbonate minerals exceeding
45%. The mineral classification triangle is shown in Fig. 6(d).

3.5. Saturation modeling based on mineral component
classification

Since the mineralogical composition of shales in the study area
varies widely, and different lithologies affect the pore type, pore
distribution and pore throat radius of the rocks, they can indirectly
affect the Archie parameters (Moradi and Kadkhodaie, 2024).
Therefore, it is first explored whether the classification saturation
modeling based on the lithology classification results can effec-
tively improve the accuracy of oil saturation evaluation in this area
(see Table 1).

According to Fig. 7, the fitting effect of the cross plots are
improved, and there are obvious differences in the Archie pa-
rameters between different categories. The saturation index n of
Category 1 and Category 2 samples are increased, but the satura-
tion index n of Category 3 sample is still very low, only 1.184.
Considering the lithological characteristics of the three types of
samples, it is speculated that this is due to the fact that shale has
the characteristics of low porosity and low permeability, with low
content of free fluids, and most of the conductivity comes from
clay water, whereas the clay content of Category 3 sample is low,
and the matrix part of the rock has high content, so that this type
of samples has a less clay water content, less conductive part, so
the n value is lower. However, we need to further verify this hy-
pothesis, so the conductivity mechanism of complex minerals is
explained by the method of digital core electrical simulation.

The difference inm between the samples of each category is not
significant, indicating that the pore structure and connectivity
characteristics of the reservoir are similar. Therefore, based on
considering lithology, we further improve the accuracy of the
saturation evaluation model by studying the pore throat distri-
bution in the following study ( Norbisrath et al., 2015; Tian et al.,
2024).

4. Analysis of digital core electrical simulation results

Previous studies have shown that for shale, a self-generating
and self-storing unconventional resource, pore structure is the
main factor controlling shale oil production. Therefore, the study
of pore structure is very important (Chen et al., 2023). In Section 3,
we analyzed the pore structure characteristics of shale in the study
area through experimental rock physics. In this chapter, we will
analyze the pore structure of shale by means of computational
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rock physics, that is, digital core method. Combined with its
mineralogical characteristics, the numerical simulation of its
conductivity is carried out to provide a more solid theoretical basis
for our model.

4.1. Construction and simulation of multi-component digital cores

Petrophysical experiments and digital core simulation tech-
niques are employed to thoroughly investigate the properties of
reservoir rocks. The research findings provide a reliable basis for
understanding how mineral types, pore structures, and other
components influence the characteristics of rock samples. Using
CT scanning to reconstruct computer images, material information
of different densities can be displayed in the form of high-
resolution digital images at a specified level (Andhumoudine
et al., 2021; Li et al., 2023; Zhou et al., 2024). A 2 mm diameter
sample was drilled from a representative area for scanning and

three-dimensional model reconstruction, with a resolution of
0.52 μm. Fig. 8 shows a typical two-dimensional grayscale CT scan
slice (2 mm in diameter). In this image, the dark black areas
represent the pores within the rock sample, while the gray and
white areas represent the rock matrix, with the white areas indi-
cating denser material. The brighter the region, the higher the
density. Fig. 8(a) illustrates the selection of the matrix area for
analysis, with dimensions of 400 × 400 × 400 voxels. During the
selection process, fracture areas were avoided, and regions with
evenly distributed components were prioritized. On this basis,
considering the running performance of the computer, the region
with a voxel size of 200 × 200 × 200 is selected. The result is
shown in Fig. 8(b). The selected rock samples underwent multi-
component threshold segmentation of the matrix section, and
the results were compared to the whole-rock analysis, as shown in
Table 2. The three-dimensional color display after multi-
component threshold segmentation is shown in Fig. 8(c).
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4.2. Conductivity analysis

In this study, the finite element method (FEM) was used to
simulate the conductive mechanism of shale in the study area.

4.2.1. The effect of mineral composition on rock conductivity
The conductive mechanism of shale is very complex, and the

complex mineral composition is one of the main factors. Among
the mineral components, the influence of organic matter, clay
minerals and metallic minerals on electrical conductivity is
particularly obvious. Many scholars have discussed their inherent
electrical conductivity, their spatial distribution in the rock, their
influence on the overall resistivity of the formation, and the
interaction between clay minerals and formation pore water (Liu
et al., 2009; Nie et al., 2016; Fan et al., 2020; Li et al., 2022).

By changing the volume fraction and distribution form of metal
minerals, the influence of metallic minerals on reservoir conduc-
tivity is simulated. The mechanism of the conductivity of organic
matter is still unclear, but the research mainly focuses on the
discussion of its own conductivity and the conductivity of water in
organic pores. Therefore, in this study, the influence of organic
matter on reservoir conductivity is simulated by changing the
conductivity of organic matter (CTOC) itself and changing the
conductivity of formation water (Cw) (Wang et al., 2018).

The conductivity of clay minerals is mainly determined by the
solid particles and the water in the pores. Therefore, in the process
of numerical simulation, we simulate the influence of clay min-
erals on reservoir conductivity by exploring the different volume
fraction and cation exchange capacity of clay minerals (Hasan
et al., 2021). Due to ion substitution processes, the surfaces of
clay particles develop an excess negative charge. To maintain

electrical neutrality, these surfaces adsorb cations from the sur-
rounding formation water. The combination of adsorbed cations
and clay particles creates a dipole layer, which strongly affects the
conductive properties of the clay mineral assemblages. The cation
exchange capacity Qv is a key parameter used to assess the elec-
trical conductivity, which represents the number of exchangeable
sodium ions per unit of total pore volume. In the study area, the
types of clay minerals contained in the samples are determined,
which are illite-montmorillonite mixed layer, illite and chlorite.
Table 3 provides the common values of cation exchange capac-
ities for various clay minerals.

Due to the high irreduciblewater saturation and lowporosity of
the reservoir in the study area, the resistivity anisotropy of the
reservoir is weak, so only the reservoir resistivity in the x direction
is discussed (Qin et al., 2023). The different digital core parameters
constructed are shown in Table 4.

The results of the electrical simulation are shown in Fig. 9. C0
represents the electrical conductivity of the whole rock. From
Fig. 9(a), it can be observed that as the Qv increase in the clay
content, the additional electrical conductivity of the clay enhances
with an C0 increases approximately linearly; the results in Fig. 9(b)
show that with the increase of clay content, the C0 tends to in-
crease, and at clay content less than 40%, the C0 tends to increase

(b) (c)

(a)

0 105.3 μm

19.24 μm0 7.901 μm0

19.26 μm0

18.8 μm0

Fig. 8. Establishment of three-dimensional digital core. (a) Typical 2D grayscale slices of core samples; (b) 2D and 3D display of selected areas with a voxel size of
400 × 400 × 400; (c) regionally selected 2D grayscale slices with a voxel size of 200 × 200 × 200 and 3D color display after multicomponent threshold segmentation.

Table 1
Table of Archie parameters after sample lithology classification.

Category a b m n

1 1.016 1.016 1.516 1.835
2 1.001 1.001 1.593 1.605
3 1.014 1.008 1.416 1.184
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slowly, and when the clay content increases to more than 40%, the
C0 increases rapidly. Combined with the geological background,
we can conclude that the clay content of the rock samples in the
study area is mostly less than 40%, and the composition of the clay
minerals is basically the same, that is, Qv has no strong change, so
the clay minerals themselves have little effect on the conductivity
of the rock. The groundwater conductivity Cw is related to the C0
relationship is shown in Fig. 9(c), the conductivity of different
organic matter showed the same trend, when the formation water
conductivity is less than 5 S/m, with the increase of formation
water conductivity, it C0 also increases gradually, and when the
formation water conductivity exceeds 5 S/m, the C0 − Cw is linear,
and as the Cw the increase of C0 basically unchanged. Fig. 9(d)
shows that in the process of electrical simulation, if the metallic
minerals are dispersed, the content of metallic minerals is
increased by gradually replacing the non-conductive minerals
with metallic minerals. Therefore, when the content of metallic
minerals is less than 80%, the conductivity gradually increases.
When the metallic minerals content exceeds 80%, it will gradually
replace the conductive components in the rock sample, resulting
in a decrease in the overall conductivity. But on the whole, the
increase of metallic minerals will increase the conductivity of the
reservoir. If the metal minerals are distributed in blocks, the effect
on the conductivity is not obvious when the content is less than
10%. This is because when the content is too small, the metallic
minerals distributed in blocks cannot form a conductive network.
As the content continues to increase, the conductivity gradually
increases. From Fig. 9(e), the metallic minerals are distributed in
blocks, and the content of metallic minerals in the study area is
less than 10%, so the conductivity of metallic minerals is not
considered in the conductivity model. Fig. 9(f) confirms that the
increase of the conductivity of the organic matter itself is not
obvious for the increase of the overall conductivity, indicating that
the conductivity of the organic matter itself cannot be discussed
when establishing the conductivity model in the study area, but
the contribution of the porewater to the reservoir conductivity can
be considered. In other words, the organic pores and inorganic
pores are not distinguished in this study.

4.2.2. The influence of pore structure on rock conductivity
In petrophysical analysis, pore systems govern reservoir storage

capacity, while throat geometries predominantly control hydro-
carbon productivity by regulating fluid flow permeability (Du and
Shi, 2024). Therefore, the study of pore throat is of great signifi-
cance for reservoir evaluation. In this study, we simulate the in-
fluence of pore structure on conductivity by establishing different
digital cores to simulate pores with different geometric shapes,
different connectivity and different pore radius, and further

explain the conductivitymechanism of shale in the study area. The
different digital core parameters constructed are shown in Table 5.

The results of the electrical simulation are shown in Fig. 10.
From Fig. 10(a), we can see that with the increase of pore fractal
dimension, the more complex and irregular the pore distribution
is, the higher the rock conductivity is. When the fractal dimension
reaches 2.94, the conductivity increases significantly, and the
fractal network forms a multi-level connected path to promote the
conductivity of the bulk fluid. As illustrated in Fig. 10(b), under
constant clay content, fixed mineral distribution, and invariant
porosity, the electrical conductivity of the rock exhibits a notable
increase with decreasing coordination number. Conventionally, a
higher coordination number is associated with enhanced pore
connectivity, which would theoretically improve conductivity.
However, this counterintuitive trend can be attributed to the
interplay between pore geometry and surface conductivity
mechanisms. Specifically, a reduced coordination number implies
fewer pore-throat connections but larger individual pore sizes.
These enlarged pores tend to retain a greater volume of conductive
fluid, while their expanded surface area provides more extensive
clay mineral coverage, and the amplified clay-water interface fa-
cilitates dominant surface conduction pathways. Under the same
porosity, when the clay content and spatial distribution are
certain, it can be seen from Fig. 10(c) that the smaller the pore size,
the better the overall conductivity of the rock, resulting in low
resistance. Compared with the influence of mineral composition,
the influence of pore conductive path is more significant. The
distribution of pore throats with different sizes reflects the path of
fluid flow, which can represent the current path to a large extent.
Fig. 10(d) confirms that the digital core simulation results have a
good correspondence with the tri-pore-throat classification re-
sults mentioned in Section 5.1. The rock sample is relatively dense,
and the content of large and medium pore throats is small, which
has little effect on the overall conductivity. The content of small
pore throats has a great influence on the overall conductivity.

5. Tri-pore-throat conductivity modeling and saturation
modeling

5.1. Tri-pore-throat classification

Through electrical simulation, the influence of pore structure
on conductivity is particularly obvious. Therefore, we further
improve the accuracy of the model by studying the pore structure.
Shale reservoirs exhibit unique geological characteristics and for-
mation processes, leading to a diverse range of pore types and an
exceptionally complex microstructure. This complexity makes the
classification of shale pore sizes a challenging task. Although the
International Union of Pure and Applied Chemistry (IUPAC) has
established widely accepted pore size classification stand-
ards—micropores (<2 nm), mesopores (2–50 nm), andmacropores
(>50 nm)—these criteria, commonly used in chemistry and ma-
terials science, may not be entirely suitable for direct application
to shale pore studies (Zhang et al., 2017).

Fig. 11 shows the intersection of the water saturation and pore
throat radius of the sample piezo mercury in the study area. Based

Table 2
Multi-component segmentation results of digital cores.

POR, % Felsic minerals, % Organic matter, % Carbonate minerals, % Metallic minerals, % Clay minerals, %

XRD 2.5865 35.3861 3.6378 29.9749 1.4799 28.2708
4003 2.5670 36.3220 3.6632 29.9590 1.4596 28.3380

2003 3.2824 34.4057 4.0006 33.0332 1.5022 26.7296

Table 3
Common clay minerals of Qv.

Clay minerals Qv, mmol/cm3

Montmorillonite 5.35
Illite 1.74
Chlorite 0.45
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on the shape of the curve and finding the obvious inflection point
of the curve, the following classification scheme is proposed for
the shale porosity of the well: the micro-pore-throat (<0.025 μm),
the meso-pore-throat (0.025–0.25 μm) and the macro-pore-throat
(>0.25 μm).

5.2. Tri-pore-throat model

In the physical model of this paper, the overall resistivity of a
rock can be considered as a concatenation of the resistivities
formed by three different pore-throat networks. This parallel
model reflects the contribution of water in different pore throat
segments to the overall electrical conductivity of the rock,
where the resistivity of each segment is affected by the

conductivity of the water inside it, the pore structure, and the
pore connectivity. Its conductive volume model is shown in
Fig. 12(a). It is assumed that the metallic minerals in the rock
skeleton are electrically conductive, while the other skeleton
minerals are not conductive at all. According to the conclusion
in Section 4.2, the metallic minerals is also assumed to be non-
conductive since the content in all the samples in the study area
is too small to form a connected conductive network (You et al.,
2023). And assumed that water enters three kinds of pore-
throat sizes at the same time and reaches saturation at the
same time. Based on these assumptions, a tri-pore-throat
saturation model was proposed to be applicable to the quanti-
tative evaluation of low-porosity and low-permeability shale
reservoirs.

Table 4
Table of digital core parameters.

Serial number Qv, mmol/cm3 Serial number Vclay, % Serial number CTOC, S/m Serial number Cw, S/m

A1 3.07560 B1 74.2970 C1 0.0001 D1 0.05
A2 2.92398 B2 52.9220 C2 0.0020 D2 0.10
A3 2.77236 B3 38.6730 C3 0.0200 D3 1.00
A4 2.62074 B4 25.7890 D4 5.00
A5 2.46912 B5 10.1740 D5 11.10
A6 2.31750 B6 5.0868 D6 17.86
A7 2.16588 D7 20.00
A8 2.01426 D8 35.00
A9 1.86264
A10 1.71102
A11 1.55940
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Fig. 9. Conductivity simulation results. (a) Digital core simulation results plotted for different cation exchange capacities; (b) digital core simulation results plotted for different
clay contents; (c) digital core simulation results plotted for different formation water mineralization; (d) digital core simulation results plotted for different metallic minerals
distribution and content; (e) the actual distribution form of metallic minerals in the study area; (f) digital core simulation results plotted for different CTOC.

Table 5
Table of digital core parameters.

Serial number Pore fractal dimension Serial number Pore coordination number Serial number Pore radius (pixel)

E1 2.41 F1 2.57 G1 1
E2 2.57 F2 6.01 G2 2
E3 2.64 F3 15 G3 5
E4 2.84 F4 22.98 G4 10
E5 2.90 G5 20
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The path of the tri-pore-throat saturation model is formed by
the parallel connection of water in three different pore throats.
Among them, the pore throat sizes of the different segments are
shown schematically in Fig. 12(b).

C0=Cma + Cme + Cmi (4)

where C0 denotes the conductivity of 100% water-bearing rock in S/
m; Cma, Cme and Cmi denote the conductivity of the conductive
network composed of water in the macro-pore-throat, water in
the meso-pore-throat and water in the micro-pore-throat, respec-
tively,when the interiorof the formation is saturatedwith formation
water.

The water porosity of the macro-pore-throat, the water
porosity of the meso-pore-throat, and the water porosity of the
micro-pore-throat can be expressed respectively as ϕma, ϕme and
ϕmi, and the cementation indices corresponding to different pore

throats can be expressed asmma,mme andmmi. The movable water
resistivity in the macro-pore-throat and the meso-pore-throat are
both the formationwater resistivity Rw. The electrical conductivity
of the water in the micro-pore-throat is different from them, and
its resistivity is set to be Rmc, so the resistivity response equation
for 100% water-bearing rock is:

1
/
R0 = ϕmma

ma

/
Rw + ϕmme

me

/
Rw + ϕmmi

mi

/
Rmc (5)

where R0 denotes the resistivity of 100%water-saturated pure rock
in units of Ω⋅m.

Because of the low porosity and low permeability of shale, the
water in the micro-pore-throat is bound, so when the reservoir
contains hydrocarbons, the movable water in the macro-pore-
throat will be replaced by hydrocarbons. Therefore, there is a
two-phase seepage process in the macro-pore-throat. Let the
percentage of free water in the two-phase fluid be Swm. When the
rock contains hydrocarbons, the resistivity and conductivity of the
rock are Rt and Ct respectively, and the resistivity of the rock is
related to the degree of saturation, which can be obtained by the
Archie formula:

1
/
Rt=

(
Snmwmϕmma

ma
)/

Rw+ϕmme
me

/
Rw + ϕmmi

mi

/
Rmc (6)

where nm is the corresponding saturation index; Rt is the re-
sistivity of the rock in Ω⋅m ; Swm is the water saturation of the free
pore space in the macro-pore-throat; it can be seen through Eqs.
(5) and (6) that in this tri-pore-throat conductivity model, all
lithological coefficients are assumed to be equal to 1, and this
simplified treatment deviates from the actual situation.

Therefore, on the basis of considering the parallel conductivity
of water, the coefficient a related to lithology is introduced, at
which time the resistivity response equation of 100% water-
bearing rock becomes:

1
/
R0=ϕmma

ma

/
(amaRw)+ϕmme

me

/
(ameRw)+ϕmmi

mi

/(
amiRmc

)
(7)

where ama, ame and ami are the lithologic coefficients corre-
sponding to the conductive network of water in the macro-pore-
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Fig. 10. Conductivity simulation results. (a) Digital core simulation results plotted for different pore fractal dimension; (b) digital core simulation results plotted for different pore
coordination number; (c) digital core simulation results plotted for different pore radius; (d) cross plot of conductivity digital core simulation for different pore-throat sizes C0 and
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throat, water in the meso-pore-throat, and water in the micro-
pore-throat, respectively. These coefficients and parameters were
statistically determined by different pore throat sizes.

According to the same considerations as in Eq. (6), it can be
obtained by means of the Archie formula:

Ct=1
/
Rt=

(
Snmwmϕmma

ma
)/

(amaRw)+ϕmme
me

/
(ameRw)

+ϕmmi
mi

/ (
amiRmc

)
: (8)

Comparing Eqs. (6) and (8), it can be found that the improved
tri-pore-throat saturation model introduces the lithology param-
eter a on the basis of the original tri-pore-throat saturation model,
which reflects the difference in electrical conductivity of water in
different pore throat sections. When the water in the meso-pore
and the micro-pore-throats does not exist, the above equation
becomes Archie formula, thus highlighting the rationality of the
tri-pore-throat saturation model.

We have difficulty in determining the saturation index ac-
cording to Eq. (8) nm, and it does not match the measured data
from the rock power experiment, so the water saturation equation
is modified to:

I= b
/
Snw = C0

/
Ct (9)

Sw=
̅̅̅̅̅̅̅̅̅̅̅̅
Ct=C0

n
√

(10)

where n is the saturation index and b is the saturation coefficient.
Eqs. (7) and (10) represent the tri-pore-throat conductivity model
and the saturation model, respectively, and are collectively
referred to as the tri-pore-throat model.

For the sake of narrative convenience, the following is a refer-
ence to the usual convention of calling a, b, m, n the rock electric
parameters, except for the saturation index n,mma, ama are defined
as the water petroelectric parameters of the macro-pore-throat;
mme and ame are defined as the water-rock electric parameters
of the meso-pore-throat; mmi and ami is defined as the hydraulic-
rock electric parameter of the micro-pore-throat.

The parameters related to the water in the tri-pore-throat in
the conductivity model need to be given in combination with
rock power experiments and experience. The inaccuracy of the
parameters will reduce the accuracy of the model to a great
extent and seriously limit the effectiveness of the model in
practical applications. For this reason, the method of determining
the parameters of the tri-pore-throat model needs to be
investigated.

1) Determination of the macro-pore-throat ϕma:

ϕma= SHg1ϕt (11)

2) Determination of the meso-pore-throat ϕme:

ϕme=
(
SHg2 − SHg1

)
ϕt (12)

3) Determination of the micro-pore-throat ϕmi:

ϕmi=
(
SHg3 − SHg2

)
ϕt (13)

where SHg1 is the water saturation of the macro-pore-throat in the
mercury compression experiment; SHg2 is the sum of the water
saturation of the macro-pore-throat and the meso-pore-throats;
SHg3 is the sum of the water saturation of the three pore throats
of the rock sample; thus SHg2 − SHg1 is the water saturation cor-
responding to the meso-pore-throat; SHg3 − SHg2 is the water
saturation corresponding to the micro-pore-throat; ϕt is the total
porosity.

According to the proposedmethod, we calculated theN rocks in
the study area. Substituting the data from N rock samples into Eq.
(7), the following system of equations is obtained:

1
/
R0j=ϕmma

maj

/
(amaRw)+ϕmme

mej

/
(ameRw) + ϕmmi

mij

/ (
amiRmc

)

(14)

where j ∈ (0;N) , R01 − R0N is the resistivity of the rock sample
calculated by the tri-pore-throat model.

The conductivity obtained by calculated is compared with the
measured for verification, as shown in Fig. 13, and the two are in
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Fig. 12. (a) Schematic of the conducting volume model; (b) schematic of the tri-pore-throat sizes.
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good conformity, which indicates that the method has a good
application effect.

6. Applications in wells

The pore-throat size distribution of shale's organic pores often
aligns closely with that of clay pores, as both types are predomi-
nantly composed of nano-scale pore-throat sizes. As shown in

Fig. 14, given this similarity, these pore types are often consid-
ered together in shale reservoir studies (Zhu et al., 2022; Feng
et al., 2021).

On the logging scale, nuclear magnetic logging can be directly
applied to obtain the pore-throat size distribution curve. In future
research, through multi-attribute analysis and artificial intelli-
gencemethods, we can also achieve the inversion of reservoir pore
throat size (Hosseinzadeh et al., 2024). However, due to the lack of
nuclearmagnetic logging data in this paper, the followingmethods
are adopted for the application of the new model in the well. It is
assumed that both clay minerals and organic matter minerals are
micro-pore-throat, and the porosity of micro-pore-throat is
calculated by using their content. When containing hydrocarbons,
the water in the micro-pore-throat and meso-pore-throat cannot
flow from its seepage, so the hydrocarbon replaces the free water.
The irreducible water saturation is obtained by mercury injection
experiment. The product of irreducible water saturation and total
porosity is regarded as the porosity of micro-pore-throat and
meso-pore-throat. The difference between irreducible water
saturation and total porosity can be used to obtain the macro-
pore-throat porosity.

Based on the results of lithological mineral classification, the oil
saturation is calculated, the result is shown in Fig. 15. The red rod
data is analyzed by closed coring, and the blue part is the data
calculated by our model. By subtracting the average of the

Free pores

Clastic pores

Organic pores

Clay pores
Micro-pore-throat

Meso-pore-throat

Macro-pore-throat

Fig. 14. Schematic diagram of pore types based on pore-throat size.
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measured value and the calculated value, we can get the average
absolute error. The average absolute error is 10.983%; the results
based on the saturation model of tri-pore-throat system are also
shown in Fig. 15, the red rod data is analyzed by closed coring, and
the blue part is the data calculated by our model. The average
absolute error is 6.481%, and the calculation result is better than
that of lithological classification. However, the errors of both
classification methods are small, and they have achieved better
practical application in the study area.

7. Conclusions

This study investigates the electrical conduction mechanisms
of continental shale with complex lithology through mutual vali-
dation of experimental petrophysics and computational petro-
physics, establishing a theoretical foundation for saturation
evaluation in continental shale systems. Our experimental petro-
physical analyses reveal that the conventional Archie's equation
fails to accurately assess oil saturation in continental shale.
Building upon previous research, we propose modifications to
adapt Archie's equation for this specific geological context.
Recognizing that rock conductivity critically influences Archie
parameters, we developed a tailored petrophysical model for the
study area by clarifying the underlying conduction mechanisms.

For continental shales with complex mineral compositions,
mineral constituents emerge as the dominant factor controlling
electrical conductivity. Consequently, we classified the shales
based on mineralogical differences and established mineralogy-
based saturation models. Results demonstrate enhanced accu-
racy, with similar m-values across three shale types (indicating
analogous pore structure complexity and current pathway tortu-
osity), while significant n-value variations reflect distinct oil dis-
tribution patterns within pores.

Through computational petrophysical modeling, we systemat-
ically explored conduction mechanisms: (1) Clay mineral effects:
When clay content <40% (typical in this basin), its intrinsic con-
ductivity becomes negligible. (2) Metallic mineral impacts: Metal
minerals <10% with blocky distribution fails to form continuous
conductive networks, contributing minimally to bulk conductivity.

Given the limited influence of matrix minerals, we designed
numerical simulations probing pore structure effects. The influ-
ence of the complexity of the pore network and the conductive
path of the fluid on the overall electrical conductivity of the rock is
more significant than the mineral composition itself. The multi-
size pore throat size distribution can reflect the flow space of the
fluid, and then reflect the current path. Accordingly, we proposed a
tri-pore-throat saturation model based on different pore-throat
size characterization. The model is applied to logging, and good
results are obtained.

However, this study lacks micro-mechanism research experi-
ments, leaving the conductive behavior of shale organic matter
unclear. To address this gap, future research should integrate
multi-scale experimental verification. And the lack of nuclear
magnetic logging data in logging leads to the problem of pore
throat size characterization when applied in logging. Finally, try to
apply this saturation evaluation method considering pore throat
size to other lithologic reservoirs, such as sandstone, which may
verify the wide applicability of the model. In the future, more
accurate models will be provided according to artificial intelli-
gence methods.
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