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A B S T R A C T   

The rapid development of shale oil and gas promotes the plentiful research and characterization of micro-nano 
pore structure, and accumulates massive data, which is vital for fluid flow and storage. Although many in
terpretations based on various experimental methods and numerous shale specimens have been published, rare 
relatively complete compilation of shale pore structure has yet been made. Here, we report a new compilation of 
shale pore structure, comprising >350 marine, marine-terrestrial transitional and continental shale specimens of 
nearly all key formations and ages, of which collected samples were screened for effective analysis. This sys
tematic review shows that shale sediments with different geological characteristics have obvious heterogeneity, 
multifarious micro-nano pores and complex pore size distribution (PSD). The shale PSD is divided into six types 
based on the morphological characteristics, and the compositions and thermal maturity of different PSD types of 
shale show obvious differences. Random forest (RF) machine learning (ML) further reveals that thermal maturity 
has the greatest effect on PSD classification, followed by organic matter (OM) abundance and mineral 
composition. 

Thermal maturation affects pore type and PSD. The high thermal maturation facilitates organic pores gen
eration and micro-nano micropores connection. Additionally, the diagenesis related to thermal maturation will 
also affect the pore types, especially the organic acids formed during hydrocarbon generation, which will pro
mote dissolution pores. OM and mineral affect the pore shape and type. OM abundance has positive and negative 
effects on the shale pore structure. The high OM abundance avails to the formation of more micro-nano mi
cropores. However, the strong plasticity of OM will cause pore space collapse. Mineral composition mainly af
fects the pore structure via pore type. Quartz and feldspar mainly develop intergranular pores with a few 
fractures. Carbonate minerals are mainly dominated by dissolution pores. Interlayer pores are frequently formed 
in clay minerals. Based on the evaluation from RF ML, we suggest that the sedimentary environment and OM 
type have little influence on shale pore structure. 

A model based on RF ML is proposed to predict the PSD type of shale sediments from geological features. This 
model provides effective prediction for the six types of shale PSD. The limitation of valid data and the difference 
in data set size among different shale types constrain the accuracy of the prediction model. Supplementation of 
data and improvement of the RF model optimization algorithm in further studies will beneficially enhance the 
model accuracy. This study is a bold attempt, and provides a new time-saving and cost-saving method for the 
rapid prediction of shale pore structure based on geological analysis and ML. This work is instructive for un
derstanding pore structure in shale sediments from basic geological information, and is valuable for further 
conserving resources and improving research efficiency.   

1. Introduction 

The pore structure greatly affects the properties and percolation 
capacity of oil and gas in shale reservoirs (Lai et al., 2018; Zheng et al., 

2018; Nikolaev and Kazak, 2019; Hu et al., 2021b). Therefore, the 
evaluation of the pore structure of unconventional oil and gas reservoirs 
has been a focus of the petroleum industry in recent years (Cnudde and 
Boone, 2013; Li et al., 2015; Lai et al., 2018; Chandra and Vishal, 2021). 
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The in-depth exploration of unconventional oil and gas resources within 
smaller pore spaces facilitates scientific research on the micro and nano 
meter scale. Currently, considerable amount of work has been per
formed on various shale sediments with various expensive experimental 
techniques, and plentiful understanding of the micro-nano pore struc
ture has been obtained (Clarkson et al., 2013; Hosseini et al., 2021; 
Wang et al., 2021b). The results show that the pore structure in shale 
sediments is closely related to geological conditions (Yang et al., 2021), 
while the relations lack systematic sorting and summary currently. It is 
meaningful to summarize and sort out the relationship between shale 
pore structure and geological features including lithofacies, organic 
geochemical features, composition, etc., and to establish a correspond
ing geological evaluation and prediction model of shale pore structure. 

The shale pore structure presents a complex and polytype micro- 
nano pore system, with the pore-throat diameters <1 μm (Zou et al., 
2012; Clarkson et al., 2013). The pore size distribution (PSD) varies in 
different sedimentary settings (Zou et al., 2012; Zhu et al., 2013). The 
main pore size in tight sandstone reservoirs mainly ranges from 40 to 
700 nm, and that in tight limestone reservoirs generally ranges from 40 
to 500 nm (Chilingar et al., 1972; Skalinski et al., 2013). Comparatively, 
shale contains smaller pore system with a PSD of mainly 30–400 nm in 
shale oil reservoirs and 5–200 nm in shale gas reservoirs (Fig. 1) (Zou 
et al., 2012). These pore structures have been characterized by various 
methods with different principles and applicable scopes, including 
image analysis technology, fluid injection and non-fluid injection 
method (Fig. 1) (Anovitz and Cole, 2015). 

Image analysis technology can qualitatively observe the pore shape 
and particle contact, and pore size and PSD can be obtained through 
image analysis techniques. Image analysis techniques include electron 
microscope, transmission electron microscope (TEM), scanning electron 
microscope (SEM), atomic force microscope (AFM) and other micro-area 
observation techniques (Chandra and Vishal, 2021; Wang et al., 2021b; 
Liu et al., 2022). The advantage of these methods is that it can be 
intuitively characterized in terms of pore morphology and genesis 
research. However, the pure qualitative research of imaging can no 

longer meet the needs of dense micro-nano materials, and quantitative 
characterization is further needed to study the micro-nano pore 
structure. 

Fluid injection and non-fluid injection methods can realize quanti
tative analysis of pore structure (Anovitz and Cole, 2015). The fluid 
injection methods, e.g., mercury injection and gas isothermal adsorption 
etc., use non-wetting fluids such as mercury, nitrogen (N2), carbon di
oxide (CO2) and methane (CH4) to inject samples under different pres
sures. Then, the PSD, specific surface area (SSA), pore volume (PV) and 
other information can be obtained by various theoretical models 
(Thommes, 2004; Thommes et al., 2012a). Currently, non-fluid injection 
methods are also ubiquitous, including small-angle and ultra-small- 
angle scattering techniques (SAS and USAS), computed tomography 
(CT) techniques, and so on. These methods have their own advantages 
and limitations, and it is difficult to fully reveal pore structure by using 
only a single method (Zhang et al., 2020a). The mercury injection 
method can obtain the pore porosity, PSD, and connectivity for majority 
rocks. However, the limitation of experimental pressure imposes re
strictions on mercury entering nanoscale pores in dense shale sediments 
with low permeability. Therefore, mercury injection can generally 
accurately characterize the meso-macro pore space, and it needs to ally 
other technologies to characterize micro-nano pore system (Iqbal et al., 
2021). The small angle X-ray Scattering (SAXS) technique is character
ized by fast, non-destructive and simple sample pretreatment process 
(Cavelan et al., 2020; Hosseini et al., 2021). However, due to the scarcity 
of light sources at present, its application is not widespread. SAXS can 
provide more effective detect for mesopores, and it is not easy to realize 
the test on the full aperture. Nuclear magnetic resonance (NMR) is 
another widely used non-destructive technique to acquire the porosity 
and PSD characteristics of pore structure (Nikolaev and Kazak, 2019; 
Lawal et al., 2020). While, the widespread organic matter (OM) and its 
lipophilicity in the low-maturity shale restrict its interpretation for the 
hydrocarbon filling shale sediments. Three-dimensional (3D) recon
struction techniques, such as micro-nano CT, are burgeoning method to 
show the 3D pore space, and can also be used to analyze the number and 

Fig. 1. (a) shows the common methods to characterize pore structure in rock. IUPAC is International Union of Pure and Applied Chemistry (Sing et al., 1985); BET is 
Brunauer–Emmett–Teller method; AFM presents atomic force microscope; (U)SANS is (ultra) small-angle X-ray scattering; SAXS presents small-angle neutron 
scattering; TEM is transmission electron microscope; SEM is scanning electron microscope. (b) presents the pore size distribution in different sediments (Zou et al., 
2012; Anovitz and Cole, 2015). 
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connectivity of reservoir pore throats. It has been widely used for nu
merical simulation and characterization of carbonate rock, shale and 
tight sandstone reservoirs (Cnudde and Boone, 2013). Nonetheless, CT is 
an image recognition technology in essence, and its interpretation de
pends on the resolution and artificial operation, which also need veri
fication by other tests. Therefore, it is necessary to improve the accuracy 
of instruments and the improvement of the data interpretation method 
in order to play a greater role in the study of the pore structure. 

Although diversiform methods can be executed to the characteriza
tion of pore structure, the limitations are ubiquitous as: (1) It is difficult 
to achieve both accuracy and study scale (Clarkson et al., 2013; Anovitz 
and Cole, 2015). The current techniques have high resolution, but the 
higher the resolution, the smaller the scale. For shale sediments with 
strong heterogeneity, it is difficult to fully describe the entire pore 
structure through small-scale measurements only. Therefore, how to 
extend small-scale to full scale using various technologies needs to be 
considered. (2) Full-aperture joint characterization. Although there are 
different full-aperture joint characterization methods, they are mainly 
based on mechanical splicing of different experimental results, and 
contradictions often appear in the overlap (Zhang et al., 2020a). (3) The 
digital core image analysis technology is greatly influenced by man- 
made factors. For dense shale sediments with complex and irregular 
pore-throat characteristics, when relying on digital core technology for 
3D reconstruction of pore structure, image processing and algorithm 
selection are largely influenced by human factors (Jiao et al., 2014b; 
Comerio et al., 2020). 

The complex pore structure of shale deposits is the result of the 
comprehensive action of various geological factors (Yang et al., 2013; 
Pommer and Milliken, 2015; Li et al., 2016a; Zheng et al., 2018; Dong 
et al., 2019; Cavelan et al., 2020; Knapp et al., 2020; Gu et al., 2021; Liu 
et al., 2022; Wang et al., 2022c), and the main geological factors 
affecting the pore structure in shale sediments include sedimentary 
environment, mineral composition and organic geochemical features, 
like total organic carbon (TOC) content, kerogen type and thermal 
maturity. (1) The types of pore in different depositional environments 
are quite different. Marine shale has very well-developed organic pores, 
while continental shale and marine-continental transitional shale are 
dominated by pores related to inorganic minerals, and organic pores are 
relatively rare (Yang et al., 2013; Pommer and Milliken, 2015; Xue et al., 
2020). (2) Mineral composition affects the pore structure of shale. First, 
it affects the inorganic pore type. Felsic minerals and clay minerals 
develop intergranular pores and intragranular pores, while carbonate 
minerals develop intercrystalline pores and intracrystalline pores, and 
the intergranular pores are generally larger. Dissolution pores usually 
exist in only some specific minerals. In general, shale with a high content 
of brittle minerals has strong compaction resistance and more easily 
preserves intergranular pores than clay-rich shale, but is prone to micro- 
cracks (Berger et al., 1997; Knapp et al., 2020). Second, the organic- 
inorganic interaction seriously affects the characteristics of the organic 
pore structure, which is mainly reflected in two aspects: On the one 
hand, the pores are reduced due to the filling of the mineral-related 
intergranular pores and intragranular pores by the OM particles, or 
the structural composite formed by the OM and the mineral affecting 
pores positively/negatively. On the other hand, clay minerals and 
inorganic minerals catalyze/inhibit the thermal evolution of OM, lead
ing to a more complex evolution process of OM pores (Curtis et al., 
2012a; Kennedy et al., 2014; Liu et al., 2022). (3) Kerogen type, TOC 
content and the process of thermal evolution affect the formation of 
organic pores and the development of inorganic pores (Milliken et al., 
2013a; Pommer and Milliken, 2015; Li et al., 2016a; Zheng et al., 2018; 
Dong et al., 2019; Liu et al., 2022). Type I and II kerogens have higher 
hydrocarbon generation potential than type III kerogen, so they usually 
have a relatively higher potential to develop OM pores (Mao and Guo, 
2018; Gu et al., 2021). When the degree of thermal evolution is low, the 
kerogen type and maceral play a leading role in the development of 
organic pores. When the degree of evolution reaches a certain level, OM 

with high hydrocarbon generation potential will generate a large num
ber of hydrocarbons, which will result in the formation of organic pores. 
As hydrocarbon generation proceeds, the pore structure will change. 
Due to strong compaction and diagenesis, the intergranular pores basi
cally disappear in the middle stage of diagenesis. Moreover, when the 
hydrocarbon generation peak is reached, hydrocarbon expulsion will 
reduce the internal pressure of the organic pores, thereby affecting the 
evolution of the pore structure (Curtis et al., 2012a; Dong et al., 2019; 
Zhou et al., 2020b). Milliken et al. (2013a) believed that the TOC con
tent has a more obvious control effect on OM pores than thermal 
maturity. Mao and Guo et al. (2018) demonstrated that for immature 
shale, the PSD is mainly affected by the degree of compaction. For over- 
mature shale, the PSD is mainly affected by the kerogen type and TOC 
content. In general, the evolution of the shale pore structure is 
controlled by various geological factors, and the effects of different 
factors are not independent. The PSD of shale affects its fluid mobility 
and storage capacity. 

The PSD is the result of a combination of many geological factors. 
Thus, evaluating the shale PSD by a single factor may lead to one-sided 
conclusion. Likewise, it is also difficult to accurately describe the rela
tionship between multiple geological factors and pore structure by using 
traditional analysis methods. At present, there is still a lack of multi- 
factor comprehensive evaluation methods for shale PSD. However, 
machine learning (ML) algorithms can establish a more complex and 
accurate mapping relationship between sample features and results, 
which provides a new method for relatively complex geological evalu
ation (Bangert et al., 2021; Sircar et al., 2021; Von Rueden et al., 2021; 
Ma et al., 2022). ML methods based on mathematical statistics have 
received increasing attention, and have been widely used in geology in 
recent years (Min et al., 2020; Ma et al., 2022), including Gaussian 
process regression (Rui et al., 2020), support vector machines (Tan et al., 
2013), K-nearest neighbors (Handhal et al., 2020), gradient boosting 
(Ma et al., 2022), and random forest (RF) (Gordon et al., 2022) etc. RF 
algorithm is a popular ML method for developing regression or classi
fication models in many research settings. It is a method of integrating 
many decision trees into a forest and using it to predict the final result. 
As a result, RF generally provides higher accuracy than single decision 
tree models, with high model interpretability (Speiser et al., 2015). In 
addition, the RF algorithm can handle high-dimensional data, has good 
generalization ability and anti-overfitting ability, and is very suitable for 
classification and regression research with small data sets and many 
eigenvalues in geology (He and Garcia, 2009; Seiffert et al., 2010; 
Fernández-Delgado et al., 2014). Therefore, based on the characteristics 
of the small scale and many eigenvalues of the current data set, we 
selected the RF algorithm to build a predictive model, and evaluated the 
importance of geological factors on the pore structure. 

In view of the above research status, we carried out the following 
research. This study collected and analyzed >350 researches about the 
pore structure characterization of shale sediments, and classified the 
PSDs of different shale sediments. The purpose of this work is to reveal 
the influencing factors on shale PSD, and further establish a geological 
evaluation model for shale pore structure. This study summarizes the 
characterization methods of shale pore structure and the factors 
affecting the shale PSD, and proposes a shale PSD geological prediction 
model based on RF algorithm to predict shale PSD under different 
geological conditions. This model may reduce the cost and time required 
for pore structure characterization, and has certain reference signifi
cance for the understanding of shale pore structure in different 
geological settings. 

2. Pore structure characterization methods 

2.1. Mercury intrusion 

Mercury injection experimental technology was first introduced into 
the oil and gas industry by Purcell in 1949, and has become an important 
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experimental method with which to characterize the pore structure of 
rock (Purcell, 1949; Dorsch, 1995). The mercury intrusion method ob
tains data such as PSD and PV based on the Washburn model according 
to the amount of mercury injected and the corresponding pressure 
(Jiang et al., 2016b). At present, the mercury intrusion method has been 
widely used to characterize the shale pore structure in marine shale 
sediments such as the Devonian to Mississippian Bakken shale, Creta
ceous Eagle Ford shale and Permian Wolfcamp shale in North America 
and the Silurian Longmaxi shale in the Sichuan Basin (Ghanbarian and 
Javadpour, 2017; Hu et al., 2017; Zheng et al., 2018; Cavelan et al., 
2019; Liu et al., 2019a; Hu et al., 2020; Gao et al., 2020), marine- 
terrestrial transitional shale including Upper Carboniferous-Lower 
Permian Shanxi-Taiyuan shale in the Ordos Basin (Yang et al., 2017a), 
and lacustrine shale involving Triassic Yanchang shale, Permian 
Lucaogou shale, Cretaceous Qingshankou shale and Paleogene Shahejie 
shale in Asian and so on (Li et al., 2015; Jiang et al., 2016a; Zhang et al., 
2019a; Li et al., 2020; Zhang et al., 2020a; Zhou et al., 2020b; Shen et al., 
2021). 

Mercury is a non-wetting phase for most solid interfaces. Under the 
external pressure, mercury enters the micro-nano porous material and 
induces the capillarity. The strength of mercury's effect on the surface 
attraction of the porous medium is equal to the circumference (assuming 
the pore throat is circular). The balance state where the external force 
(P) is equal to the resistance can be expressed as (Fig. 2a) (Washburn, 
1921; Chilingar et al., 1972). 

− πDγcosθ =
πD2P

4
(1)  

simplifying as: 

D = −
4γcosθ

P
(2) 

The pore diameter D is inversely proportional to the external pres
sure P. Assuming that the contact angle θ is 130◦ and the surface tension 
γ is 485 dyne cm− 1, the pressure required for mercury to enter the pores 
of approximately 360 μm is only 0.5 psi. For the micro-nano pores in 
shale, mercury can enter pores smaller than 3 nm in diameter when the 
pressure is 60,000 psi. The above formula assumes an oversimplified 
equivalent spherical pore. For layered silicates with slit-like pores, the 
expression can be modified to. 

W = −
2γcosθ

P
(3) 

where W is the width between plates. Therefore, the relationship 
between mercury injection pressure and mercury saturation can be 
transformed into the PSD of shale pores by the mercury intrusion 
method (Figs. 2b and c). 

For the characterization of shale pore structure, mercury intrusion 
has the followings limitations: (1) The shale has complex pore structure 
with micro-nano pore, and injecting at high-pressure damages the pore 
structure (Kuila and Prasad, 2013b; Yang et al., 2017b; Jiang et al., 
2022). Different from tight sandstone, coal and tight limestone, etc., the 
high clay mineral and TOC contents in shale sediments result in a large 
number of nanoscale pores and strong heterogeneity (Toda and Toyoda, 
1972; Spitzer, 1981; Friesen and Mikula, 1988; Ju et al., 2018; Lu and 
Liu, 2021; Guo et al., 2022; Hu et al., 2022). The strong capillarity makes 
it difficult for mercury to enter micropores and mesopores. The high 
external pressure will cause pore deformation and compression, and 
there will be loss in the measurement of large pores (Tian et al., 2012; 
Chen et al., 2015a; Cao et al., 2016; Zhu et al., 2016b; Sun et al., 2017a; 
Zhao et al., 2017; Wang et al., 2019b; Zhang et al., 2019c). In addition, 
the shale plug sample will have a significant fracture-making effect, 
which will affect the accuracy of the experiment. (2) The mercury in
jection volume and the minimum pore throat radius are limited by the 
maximum pressure of the experimental apparatus. For most in
struments, the maximum mercury injection pressure is 60,000 psi. 
Assuming a contact angle of 130◦ and a surface tension of 485 dyne 
cm− 1, mercury can't enter pores with a diameter <3 nm, which limits the 
detection accuracy. (3) The complex pore structures and strong het
erogeneity of shale will affect mercury injection and the characteriza
tion of the all scale pore space. Previous study showed that the 
maximum mercury injection saturation is lower than 60% for most shale 
with porosity <5% (Zhu et al., 2016a). Thus, there is reason to believe 
that high-pressure mercury injection is suitable for rock with porosity 
higher than 5%. (4) Mercury can only enter connected pores and cannot 
measure isolated pores. Therefore, the detected pore space may be 
smaller than the real pore space. The SEM results showed a large dif
ference with mercury intrusion, which may be caused by the open and 
closed pores and the particle size (Rouquerol et al., 1994). Additionally, 
particle size affects the openness of pore space. The closed pores likely 
transformed into open pores for the smaller particle, resulting in an 
increase in porosity and SSA (Fig. 3a) (Jiao et al., 2014c). (5) Serious loss 
of core samples. The expensive and precious core is the most intuitive 
reflection of the underground situation. The high mercury injection 
pressure easily generates artificial cracks. Moreover, mercury is a toxic 
reagent, and the cores cannot be used for other experimental analysis 
after mercury injection. (6) The interfacial tension and the wetting angle 
involved in the mercury intrusion method are not fixed due to the 
nanoscale effect. They are strongly associated with the pore radius and 
present a more pronounced nanoscale effect below 8 nm (Fig. 3b) 
(Zhang and Meng, 2006; Wang et al., 2007; Yan et al., 2008; He, 2014). 
Therefore, it is necessary to correct these parameters, especially for the 
test of shale with micro-nano pore structure. (7) Preceding studies show 
complex and diverse pore types in shale sediments, including plate- 

Fig. 2. Principle of mercury intrusion experiment (a), the test results (b) and the corresponding PSD (c) (Wang et al., 2019a).  
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shaped pores, spherical pores, and slit-shaped pores. The Washburn 
equation assumes that the pore in the sample is smooth cylindrical, 
which cannot reflect the real pore space. (8) The mercury intrusion 
method detects the maximum opening size of pores, so the existence of 
throats will make the PSD deviate from the reality (Giesche, 2006). 

2.2. Gas adsorption 

Gas adsorption technology utilizes a common phenomenon of 
physical adsorption. When the adsorbable gas (the adsorbate) contacts 
the surface of a solid (the adsorbent), a weak van der Waals force arises 
between them (Thommes et al., 2015). At present, supercritical gases 
commonly used for gas adsorption include N2 at 77 K, argon at 87.3 K 
and CO2 at 273.1 K. The selection of a suitable adsorbent is crucial for 
the characterization of the pore structure (Thommes, 2004; Thommes 
et al., 2012a). Nitrogen (77 K) gas adsorption is best suited for materials 
with pores in the range of 2–300 nm, similar to those ubiquitous in 
mudstone and coal (Anovitz and Cole, 2015). It is most sensitive to pores 
in the range of 2–100 nm and is currently the most widely used tech
nology for mesopore (2–50 nm) characterization in sediments (Sing and 
Williams, 2004; Clarkson et al., 2013). The quadrupole of nitrogen 
molecules interacts specifically with various surface functional groups 
and exposed ions, which will affect the orientation of surface nitrogen 
molecules and the filling pressure in micropores (<2 nm). Thus, it is 
basically not used for micropore characterization. Argon (87 K) has 
advantages in the analysis of micropore, but it is difficult for nitrogen 
and argon to enter pores smaller than 0.45 nm due to the limitations of 
low temperature and active kinetics (Thommes et al., 2012b; Thommes 
et al., 2015). Therefore, CO2 (273 K) has been widely used for micropore 
characterization (Garrido et al., 1987; Cazorla-Amorós et al., 1996; 
Garcia-Martinez et al., 2000). Compared with nitrogen and argon at low 
temperature, CO2 has a relatively high absolute temperature and pres
sure, which makes it easier to enter the ultra-micropores. Moreover, the 
molecular dynamics diameter of CO2 (0.33 nm) is slightly smaller than 
those of nitrogen molecules (0.36 nm) and argon molecules (0.34 nm) 
(Sing and Williams, 2004), which avail it easier to enter micropores. In 
addition, the CO2 micropore analysis device is much simpler than the 
experimental device for argon or nitrogen adsorption (Bustin et al., 
2008; Chalmers et al., 2012; Mastalerz et al., 2013; Wang et al., 2014; 
Chen et al., 2015b). 

Before the adsorption experiment, the sample is generally degassed 
by heating and vacuumizing to remove the impurity gas adsorbed on the 
surface of the adsorbent. Then, probe gases such as N2 and CO2 are 
injected into the sample under isothermal conditions, and the adsorbed 

amount is recorded under different pressures. Since the temperature and 
pressure during the experiment are lower than those at the critical point 
of gas liquefaction, the capillary condensation of adsorbed gas during 
this process can provide information such as sample pore shape, PV, SSA 
and PSD. The physical adsorption process of porous materials is affected 
by fluid-wall, fluid-fluid interactions and the fluid state in narrow pores, 
so the shape of the isotherm adsorption curve depends on the fluid-fluid 
and fluid-wall interaction strengths, as well as confined geometry effects 
coupled with the state of the pore and bulk fluid (Rathousky and 
Thommes, 2007). The capillary condensation phenomenon in the 
adsorption process of porous media will produce a hysteresis loop. 
Specifically, during desorption, since the radius of curvature of the 
liquid surface after capillary condensation is smaller than that before 
capillary condensation, the desorption pressure is always lower than the 
adsorption pressure for the same adsorption amount, resulting in a 
hysteresis loop. The shape of the hysteresis loop can reflect the pore 
shape. The International Union of Pure and Applied Chemistry (IUPAC) 
(Sing, 1982; Thommes et al., 2015) updated the classification of 
isotherm adsorption curves and hysteresis types. The hysteresis loop 
type can reflect different mesopore shapes (Fig. 4). H1 type reflects 
cylindrical holes with uniform diameter distribution of openings at both 
ends, and H2 type shows ink bottle holes, and H3 type holes represent 
flat slit structure, cracks and wedge-shaped structure holes. H4 type 
reflects layered slit holes, and often occurs in mixed microporous and 
mesoporous porous media or solids with narrow fractured pores 
(Broekhoff, 1967; Valiullin et al., 2006; Monson, 2012; Landers et al., 
2013; Prisk et al., 2013; Olaremu, 2015; Thommes et al., 2015). 

Moreover, PV, SSA, and PSD can be quantitatively characterized by 
using gas adsorption experiments (Fig. 5). The PV can be acquired from 
the quantity of gas adsorbed, which is expressed as moles or volume in 
cm3.g− 1 per mass and as a function of relative equilibrium pressure (P/ 
P0). The SSA can be quantified by using the Brunauer-Emmett-Teller 
(BET) model with data from N2 adsorption under the relative pres
sures (P/P0) ranging from 0.05 to 0.35 (Anovitz and Cole, 2015). 

Multiple models can be used to calculate the PSD, and it is necessary 
to optimize a suitable theoretical model (Li et al., 2015; Ko et al., 2017; 
Dong et al., 2019; Chandra et al., 2022). At present, density functional 
theory (DFT) and Barrett-Joyner-Halenda (BJH) models are commonly 
used models to calculate shale PSD using the gas adsorption method 
(Chalmers and Bustin, 2008; Chalmers et al., 2012; Milliken et al., 
2013a). Previous studies have revealed that the DFT and BJH models 
usually produce similar PSD results (Li et al., 2015). The PSD calculated 
by the DFT model has multiple peaks, but the multi-peak phenomenon 
gradually disappears as the small pores gradually decreases. Therefore, 

Fig. 3. (a) shows the diagram of pore type and connectivity (I represents the closed pore; II-VI reflect the open pores, II and VI show blind pores; III-IV present 
throughpores; VII shows the roughness of the external surface). (b) presents the variation of interfacial tension and wetting angle with the pore radius (Jiao 
et al., 2014c). 
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it is considered that the DFT model is more inclined to describe the PSD 
of micropores or narrow mesopores (Fig. 6) (Li et al., 2015). However, 
these multiple peaks may be generated by noise (Kuila and Prasad, 
2013a). To date, little direct evidence has been provided to prove that 
the multiple peaks are caused by the real pore system. In addition, the 
Gurvich rule, Dubinin–Radushkevich (DR) method, comparison plot 
methods (e.g., t-method, alpha-s method), and Horvath and Kawazoe 
(HK) method have wrongly assumed that the adsorbate phase is bulk 
liquid-like, neglecting the inhomogeneity of molecular adsorption in the 
micropores (Dubinin, 1947; Dubinin and Timofeev, 1948; Sing, 1982; 
Horváth and Kawazoe, 1983; Rouquerol and Rouquerol, 2014). Thus, 
these approaches cannot truly characterize the actual micropore filling 

of the material, which will lead to errors in the micropore size 
distribution. 

Based on macroscopic thermodynamic assumptions, the proposed 
modified Kelvin equation is a classic mesoporous analysis method, 
including BJH and other methods (Sing, 1982). However, the Kelvin 
equation model is not applicable to narrow mesopores smaller than 10 
nm, which will lead to an underestimate of the pore size by as much as 
20–30% (Kruk et al., 1997; Neimark et al., 2003; Thommes, 2004; Jar
oniec and Solovyov, 2006; Thommes et al., 2012b). Therefore, classical 
macroscopic theory and semi-empirical methods cannot truly charac
terize the filling of micropores and narrow mesopores, and cannot 
accurately characterize the full PSD. Based on the grand canonical 

Fig. 4. Hysteresis loop characteristics and types of gas adsorption experiments (Thommes et al., 2015).  

Fig. 5. The adsorption isotherm CO2 (a) and N2 (c) adsorption experiments and their PSD curves (b and d) (Han et al., 2016).  
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Monte Carlo (GCMC) and DFT methods of microscopic molecular 
simulation, the adsorption and phase behavior of fluids in narrow 
channels and micropores are described at the molecular level, solving 
the related problems of the above macroscopic thermodynamic 
methods. Compared with classical methods, with GCMC and DFT 
methods, more reliable PSD can be obtained in the micropore and 
mesopore ranges (Monson, 2008; Monson, 2012). 

Local density functional theory (LDFT) was first used for pore size 
analysis in 1989 (Seaton and Walton, 1989), but its error is large in the 
micropore range. Nonlocal density functional theory (NLDFT) was first 
proposed in 1993(Lastoskie et al., 1993), significantly improving the 
characterization accuracy and more truly reflecting the thermodynamic 
properties of pore fluids in porous media (Ravikovitch and Neimark, 
2006a; Thommes et al., 2012a; Zhang and Yang, 2013). Compared with 
classical macroscopic theories such as BJH, t-plot and DFT, NLDFT is 
more suitable for characterizing organic-rich shale with a wide distri
bution of pore sizes (0.33–100 nm) and complex pore structures (Wei 
et al., 2016). However, its disadvantage is that the solid surface is 
assumed to be smooth (Olivier et al., 1994; Neimark, 1995). Molecular 
simulation studies show that solid surface roughness as well as hetero
geneity can affect the shape of the adsorption isotherm and thus the PSD 
accuracy (Lucena et al., 2010). Quenched solid density functional theory 
(QSDFT) can quantitatively explain the heterogeneity of solid surfaces 
and is suitable for the characterization of micropores and mesoporous 
pores, especially for micropores (Ravikovitch and Neimark, 2006b). The 
application of QSDFT significantly improves the PSD of nanoscale 
porous media (Thommes et al., 2012a). 

Although gas adsorption has gradually been widely used in shale 
sediments, it is still necessary to pay attention when using it due to the 
influence of experimental conditions and model development: (1) Gas 
adsorption can non-destructive and easier to characterize micropore 
(<2 nm) and mesopore (2–50 nm) by CO2 and N2 adsorption respec
tively, but these technologies are costly and ineffective for the charac
terization of macropore (>300 nm) (Neimark et al., 2023; Thommes, 
2004; Thommes, 2010; Rouquerol and Rouquerol, 2014). (2) The results 
of gas adsorption experiments are greatly affected by the sample particle 
size and experimental conditions, such as the boosting rate (Jiao et al., 
2014c; Han et al., 2016). In addition, the pre-treatment and key pa
rameters of CO2 adsorption experiment have not yet been unified 
(Chalmers et al., 2012; Tian et al., 2012; Mastalerz et al., 2013; Luo 
et al., 2015; Zhu et al., 2016b; Ko et al., 2017; Dong et al., 2019; Wang 
et al., 2020). (3) This method is expensive and time consuming and 
provides fewer data points. In addition, due to the complex character
istics of nitrogen molecules in pores with the same diameter as the ni
trogen molecules, the adsorption amount cannot fully represent the pore 
space, resulting in low measurement accuracy. (4) Similar to mercury 
intrusion, gas adsorption can measure only interconnected pores and is 

invalid for isolated pores. (5) Theoretical model optimization is crucial 
to the accuracy of PSD analysis, but systematic studies on the applica
bility of different PSD models are still rare. 

2.3. Nuclear magnetic resonance 

NMR technology is a method of analyzing pore structure based on 
the distribution of the NMR signal intensity. It has the advantages of 
rapid, non-destructive and multi-parameter measurement and is widely 
used in pore structure and fluid characterization of rock (Menger and 
Prammer, 1998; Xiao, 1998; Daigle and Dugan, 2011; Saidian and 
Prasad, 2015; Adeyilola et al., 2020; Knapp et al., 2020). NMR is a 
physical phenomenon produced by the weak interaction between the 
nucleus and surrounding ions caused by the spin characteristic gener
ated by the internal angular momentum of the nucleus (Bloch, 1946). 
Therefore, only spinning nuclei, such as 1H, 19F, 31P, 23Na, 13C, are the 
object of NMR research, and the most commonly used is the hydrogen 
nucleus 1H (Xiao et al., 2001; Wang et al., 2005; Li et al., 2017). 

In NMR, relaxation refers to the phenomenon that when the nucleus 
resonates and is in a high-energy state, it quickly returns to the original 
low-energy state after the radio frequency pulse stops. The recovery 
process is called the relaxation process, which is a process of energy 
conversion. The speed of the relaxation process is expressed by the 
relaxation time, which reflects the interaction between the total protons 
of the proton system and the environment surrounding the protons. The 
relaxation process is divided into two steps, including the restoration of 
the longitudinal magnetization Mz to the initial equilibrium state of M0 
and the decay of the transverse magnetization Mxy to 0 (Fig. 7). 

Three relaxation mechanisms occur for the fluids in rocks (Coates 
et al., 1999): (1) bulk relaxation in connection with the intrinsic fluid 
properties, (2) surface relaxation reflecting the characteristics of the 
interaction between fluids and the solid grain interfaces, and (3) diffu
sion relaxation induced by the gradient field. The relaxation processes 
mentioned above act in parallel, and their rates are additive. The NMR 
response to the fluids confined in the pore space can be described as 
(Coates et al., 1999): 

1
T2

=
1

T2B
+

1
T2S

+
1

T2D
(4)  

where T2 is the transverse relaxation time of the pore fluid, 1/T2B is the 
bulk contribution, 1/T2S is the surface contribution, and 1/T2D is the 
diffusion in the field gradient contribution. 

For a water-wet rock, the relaxation of water is dominated by the 
surface relaxation mechanism, while the relaxation of oil is dominated 
by bulk relaxation (Coates et al., 1999). Any water present will be in 
contact with pores or occur as pendular drops in pores. In contrast, the 
occurrences of oil and water will be reversed in a strongly oil-wet rock. 
Fine grains are significant barriers to diffusion, and diffusion relaxation 
would decrease under a low and uniform magnetic field (Kleinberg and 
Horsfield, 1990; Coates et al., 1999; Yao et al., 2010). Therefore, for the 
water in water-wet rock under a homogenous magnetic field, only sur
face relaxation should be considered. 

For the surface relaxation mechanism, the relaxation time observed 
in NMR experiments is the average relaxation time for all the nuclei in 
the pores (Coates et al., 1999; Hodgkins et al., 1999). The nuclei in small 
pores more easily interact with the grain surface than those in larger 
pores. Therefore, a shorter relaxation time could reflect the smaller 
pores (Coates et al., 1999; Hodgkins et al., 1999). The rates of relaxation 
are generally related to surface relaxation and pore surface-to-volume 
ratio, and this relationship can be described as (Coates et al., 1999; 
Hodgkins et al., 1999): 

1
T2

= ρ S
V

(5)  

where T2 is the transverse relaxation time resulting from surface 

Fig. 6. Comparison of PSD calculated by BJH and DFT models (Li et al., 2015).  
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relaxation (in seconds) and ρ is the surface relaxivity (in microns/s), 
which is related to the concentration of paramagnetic sites on pore walls 
and reflects the ability of pore walls to promote proton relaxation. S/V is 
the surface area-to-volume ratio (per micron) reflecting the pore size. 
For simple shapes, the surface-to-volume ratio is 3/r, where r is the 
radius of the sphere (Coates et al., 1999). For complex shapes, a shape 
factor Fp will be used to describe the surface-to-volume ratio as (Liu 
et al., 2008): 

r = ρFpT2 (6) 

If the surface relaxivity can be determined, the NMR T2 spectrum can 
be used to quantitatively characterize the PSD. The surface relaxivity 
varies with the mineralogy (Kleinberg, 1996; Coates et al., 1999). Car
bonate surfaces exhibit a lower surface relaxivity than that of quartz 
surfaces, and high‑iron rocks have a higher surface relaxivity (Coates 
et al., 1999). Moreover, due to the influence of paramagnetic substances 
on the relaxation time of atomic nuclei, the surface relaxation rate of 
rocks cannot be calculated by theoretical models (Hurlimann et al., 
1994; Kleinberg et al., 1994a; Dunn et al., 2002; Fleury, 2007). 
Currently, there are three methods to obtain the surface relaxation rate: 
(1) matching the PSD curve obtained by nitrogen adsorption or high- 
pressure mercury intrusion with the T2 curve (Fig. 8) (Li et al., 2008; 
Yao and Liu, 2012). (2) based on the core SSA obtained by cation 

exchange, nitrogen adsorption, image analysis, etc.; and (3) only 
considering the combination of NMR measurement methods (Jia, 2018). 
These three methods are subjective and empirical, which will reduce the 
accuracy of PSD conversion. 

The NMR technique to characterize the shale pore structure also has 
some limitations: (1) NMR can reflect only the distribution trend of the 
pore size and cannot reflect the absolute value of the pore volume. 
However, the key parameters of pore size conversion, surface relaxation 
rate and shape factor are highly subjective and have not yet been unified 
(Loucks et al., 2009). Therefore, there may be problems in the conver
sion of T2 and pore size. (2) NMR is affected by the nature of the sample 
itself, the nature of the fluid, and the content and type of ions in the 
fluid, etc. The fluids in shale are complex, especially for the shale with 
low thermal maturity, which is mostly filled with high-viscosity and 
high-density macromolecular hydrocarbons. The high-viscosity fluids 
have weak free diffusion; thus, the bulk relaxation cannot be ignored. In 
addition, when there are many paramagnetic substances such as iron 
and manganese in shale sediments, the NMR signal will be distorted 
(Kleinberg et al., 1994b). (3) Since the shale is very dense, the centri
fugation efficiency is low. The maximum rotational speed for NMR ex
periments is generally 12,000 rpm (approximately 5.68 MPa, 
corresponding to a radius of 25.4 nm). Smaller pores will bear more 
pressure, which will lead artificial risk of crushing and inaccurate 

Fig. 7. Relaxation process and relaxation time (Z-axis direction-equilibrium state, the magnetic induction M0 is proportional to the fluid volume; a 90◦ pulse is 
applied to M0, and M0 deviates from the equilibrium state to the non-equilibrium XY plane; after the 90◦ pulse disappears, M0 recovers to the equilibrium state, and 
this recovery process is called relaxation time). 

Fig. 8. NMR T2 spectrum distribution (a) and its transform to PSD (b). The green curve represents connected porosity accessible to lab brine. T2 distribution 
converted to PSD by alignment with the PSD obtained by mercury intrusion (Knapp et al., 2020). (For interpretation of the references to color in this figure legend, 
the reader is referred to the web version of this article.) 
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results. (4) When using NMR to characterize the shale pore structure, it 
is necessary to saturate the sample with water. However, shale contains 
abundant clay minerals. Minerals such as montmorillonite will expand 
when exposed to water and block the original pores, resulting in inac
curate characterization results. In addition, since bound water always 
exists in rock pores, the NMR signal includes the signal of bound water, 
which may easily lead to contradiction on the result with other methods. 
(5) NMR can only measure the characteristics of interconnected pores 
and is not reflective of isolated pores. 

2.4. Small-angle scattering 

The SAS technique obtains microstructure information by detecting 
scattering in a small angle range after the ray beam passes through the 
sample, mainly including small-angle X-ray scattering (SAXS) and small- 
angle neutron scattering (SANS). USAS is consistent with the principle of 
small-angle scattering technology, mainly including ultra-small-angle 
neutron scattering (USANS) and ultra-small-angle X-ray scattering 
(USAXS) (Radlinski et al., 2004). The SAS technique is mainly used to 
study the submicroscopic structure and morphological characteristics of 
materials. The most suitable research object is the particle with a rota
tion radius of 1–5 nm and volume of approximately 200–800 nm3, which 
is equivalent to a particle mass of (1–50) × 10− 20 g, a density of 1–2 g/ 
cm3, and a relative molecular mass 5000–250,000 (Zhu, 2008). SAS 
technology can quickly and non-destructively analyze pore structure 
under different temperature and pressure conditions. Therefore, it is an 
effective method to characterize the pore structure of porous materials, 
and its measurement range is wide (0.5 nm to 20 μm) (Fig. 9) (Melni
chenko et al., 2012). 

In recent years, some scholars have introduced this technology to 
characterize the pore structure of unconventional reservoirs such as coal 
(Radlinski et al., 2004), carbonate rock (Skalinski and Kenter, 2013), 
and shale (Clarkson et al., 2013; Liu et al., 2017b; Zhang et al., 2017; Liu 
et al., 2019b; Zhang et al., 2019c; Zhang et al., 2020b). The analysis 
results of the pore structure of shale in North America by mercury 
intrusion, N2/CO2 gas adsorption and SANS/USANS show good agree
ment (Clarkson et al., 2013). The SAS technique can also be used to 
discuss the closed pore by comparison with gas adsorption (Sun et al., 
2017b). The accuracy of converting SAS results to PSD is closely 
dependent on the interpretation model. A variety of models for calcu
lating the aperture have been proposed, including the smooth surface 
approach (Anovitz et al., 2013), the polydisperse hard sphere model 
(Hinde, 2004; Radlinski, 2006), regularization or maximum smoothness 
(Glatter, 1977; Glatter, 1979; Svergun, 1991), and total non-negative 
least squares (Ilavsky and Jemian, 2009) etc. The different models 
used for simulation would induce large differences (Ilavsky and Jemian, 
2009; Anovitz et al., 2013; Anovitz et al., 2015). For single material with 

relatively simple pore structure, the mature relationship model between 
diffraction intensity and pore size could facilitate high accuracy and 
repeatability of SAS technology (Li, 1995; Qin et al., 2001; Xu and Li, 
2003). However, it is problematic to calculate pore radii based on pore 
volume for media with complex pore shapes (Anovitz et al., 2009; 
Anovitz et al., 2013). At presently, the SAS technique is still in its infancy 
in the field of the pore structure characterization. Currently, no 
convincing interpretation of the diffraction intensity and data model has 
been made in the literature. Therefore, the SAS interpretation model is 
not applicable for describing the complex pore structure of shale 
sediments. 

Therefore, the SAS technique has some limitations in analyzing the 
pore structure of shale sediments: (1) The SAS technique is based on the 
synchrotron radiation platform, which is expensive and time-consuming 
to operate. (2) The existing interpretation model is suitable for materials 
with single-component and simple-structure, which is not appropriate 
for the shale sediments with complex and diverse pore structures. 
Moreover, it cannot provide accurate pore structure information. (3) 
The particle sizes of shale sediments are mainly between 30 nm and 30 
μm, and the density of shale is mostly >2 g/cm3, which is beyond the 
most effective range of SAS technology (Zhu, 2008). (4) For shale sed
iments, SAS technology lacks a unified analysis process, including 
sample preparation and blank extraction (Zhu et al., 2016a). 

2.5. Electron microscopy 

Optical microscope is difficult and ineffectual to use to describe the 
pore structure of shale sediments, the main particle size of which is 
<0.03 mm. Electron microscope observation is the widely used and most 
intuitive method to characterize the pore structure of shale sediments 
recently. Various microscopic observation techniques have been exten
sively developed, including transmission electron microscope (TEM), 
scanning electron microscope (SEM), and atomic force microscope 
(AFM) (Fig. 10). Moreover, combined with statistics and image analysis, 
quantitative information such as porosity and PSD can be obtained 
(Fredrich et al., 1995; Klaver et al., 2012; Giffin et al., 2013; Jiao et al., 
2014a). 

The basic principle of TEM is to transmit an accelerated and focused 
electron beam onto a very thin sample; the electrons collide with the 
atoms in the sample and change their direction, which will cause solid 
angle scattering, resulting in different light and dark effects (Fig. 11a). 
Scholars have tried to use TEM to study the micro-nano pore structure of 
shale sediments with different maturities (Anderson, 2014; Bernard and 
Horsfield, 2014) and to analyze the effect of the tortuosity of marine 
fine-grained sediments on clay-OM systems (Douglas et al., 2013). The 
two-dimensional (2D) TEM image would mix the surface and inside 
information of sample. This shortcoming has also been confirmed in 

Fig. 9. (a) shows the relation of scattering intensities (Q4I(Q)) and the scattering vector (Q); acquired by (U)SANS. (b) represents the PSD curves (Zhang 
et al., 2020b). 
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previous researches (Douglas et al., 2013; Anderson, 2014). 
Based on the light lever principle, AFM analyzes the surface structure 

and morphology of the sample by detecting the weak interaction be
tween the sample surface and the force-sensitive original (Ding et al., 
2012). The force-distance curve can reflect the pore characteristics and 
surface topography of the sample (Fig. 11b and c) (Yang et al., 2019b). 
The high resolution and advanced analysis methods such as cross- 
section analysis, phase analysis and particle size analysis, make AFM 
widely used in materials science, biology, geology and other fields 
(Bruening and Cohen, 2005; Yao et al., 2011). The major advantage of 
AFM is the ability to perform imaging and mechanical measurements 
nondestructively with a spatial resolution down to the atomic scale in 
any desired environment (air, vacuum, liquid), thus allowing observa
tion of in-situ heating or in-situ chemical reactions at the micro-nano 

scale, which cannot be achieved by other imaging techniques at such 
a high resolution (Wang et al., 2021a). AFM technology has recently 
been used in the study of pore structure in shale sediments (Yang et al., 
2016a; Liu et al., 2019c; Xu et al., 2019). 

SEM is currently the most commonly used observation and analysis 
tool under the microscope (Fig. 11a). The high-resolution field emission 
scanning electron microscope (FE-SEM) and wide ion beam combined 
with field emission scanning electron microscope (FESEM-BIB), polyion 
beam etching and field emission scanning electron microscope dual 
beam system (FESEM-FIB) are the current mainstream methods to study 
the micro-nano pore structure in shale sediments (Loucks et al., 2009; 
Bernard et al., 2012; Fishman et al., 2012; Milliken et al., 2013b; Ma 
et al., 2016). At present, FE-SEM research mainly focuses on the quali
tative describing the morphology of nanoscale pores. Some scholars 

Fig. 10. Electron micrograph obtained by TEM (a), SEM (b) and AFM (c1). The relative height at different positions of the scanning surface can be displayed by AFM 
(c2) (Zhao et al., 2019; Chandra and Vishal, 2021). 

Fig. 11. (a) shows the different modes of beams emerging from the sample surface due to electron bombardment and their corresponding penetration depth (Bernard 
et al., 2013). (b) shows the force vs. distance between the tip and sample surface plot during different imaging methods in AFM; (c) shows the schematic of the 
imaging process in AFM (Li et al., 2018). 
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have applied the BIB-SEM to the quantitative characterization of the PSD 
of shale sediments (Desbois et al., 2011; Klaver et al., 2012; Giffin et al., 
2013). FESEM-FIB could realize the synchronization of sample cutting 
and scanning. Combined with image reconstruction and energy spec
trum analysis, it can realize 3D reconstruction and in-situ observation of 
shale storage space. FESEM-FIB technology has been widely used in the 
qualitative analysis of nanoscale pores (Chalmers et al., 2012; Loucks 
et al., 2012). The pore structure of Barnett shale in North America has 
been quantitatively characterized in 3D by FESEM-FIB technology 
(Curtis et al., 2012b; Dewers et al., 2012; Bai et al., 2013a). 

Although various electron microscopy techniques have been devel
oped to characterize pore structures, some drawbacks are unavoidable. 
(1) The sample pretreatment is very important to the image presentation 
effect, which will affect the resolution and quality of the original in
formation for the sample. (2) The instrument restricts the lower limit of 
the pore size, and parameter settings can also affect the quality of image 
analysis. (3) Micro-area analysis and artificial interesting regional se
lection will inevitably lead to a reduction in representativeness of the 
overall characteristics of the sample. For example, TEM technology 
needs very thin sample in view of the absorption and scattering of the 
electron beam, which increases the difficulty of sample preparation and 
reduced the representative. (4) FIB technology requires injecting gal
lium ions for etching of the sample by the gallium ion beam, which will 
lead to different degrees of amorphization on the sample surface (Mayer 
et al., 2007). In addition, the thermal energy generated by the 
bombardment of the ion beam during the polishing process will signif
icantly increase the random reflectivity of the OMs. Meanwhile, light 
organic volatiles will volatilize rapidly, resulting in a larger surface 
porosity of the OMs (Sanei and Ardakani, 2016). 

2.6. Computed tomography 

X-ray computed tomography (X-CT) is a technology developed in 
recent years that uses X-rays to perform comprehensive and fast non- 
destructive scanning imaging of rock samples (Fig. 12) (Dong et al., 
2020). It can present the distribution of microscopic pores and throats in 
three-dimensional (3D) space as well as other special shape pores 
(Tomutsa and Radmilovic, 2003; Lame et al., 2004; Tomutsa et al., 
2007). Since X-rays will present exponential attenuation when 
encountering particles, the degree of attenuation depends on the particle 
densities. Therefore, the density of the substance can be determined by 
comparing the attenuation of X-rays. When X-rays penetrate an object, 

its energy change can be expressed as: 

I = I0exp( − αρχ) (7) 

where I0 and I are the light intensities before and after the X-ray 
penetrates the object, respectively. α is the absorption coefficient of the 
X-ray by the substance, which is generally related to the wavelength of 
the X-ray. ρ is the density of the substance; χ is the transmission length of 
the incident X-ray (Yu et al., 2012). In the CT scan image, the gray value 
reflects the material density. The change from black to white represents 
the change in density from small to large. The denser the substance, the 
higher its brightness in the CT image. Pores and cracks have the lowest 
density and appear almost black or with high gray values. Thus, the 
shape and distribution of pores can be analyzed through the color 
changes on the reconstructed image, and the characteristics of different 
minerals and pores can be semi-quantitatively characterized through the 
analysis of the gray value of each pixel (Fig. 13). 

Combined with the rock composition revealed by energy spectrum 
analysis, CT technology can display 3D spatial structure and material 
composition of the sample. The precise positions of pore throats and 
composition in the sample will also be presented. Thus, CT technology 
can reflect the heterogeneity of the microscopic pore-throat distribution 
in shale, which is difficult to achieve by mercury intrusion and gas 
adsorption (Bryant et al., 1993; Bakke and Øren, 1997). The resolution is 
a key parameter for CT technology. Industrial CT scans can reveal the 
internal microscopic features of rock samples in the range of 0.1 μm to 1 
mm, and this range is 0.01–100 μm for synchrotron radiation micro- 
nano CT, and 10 nm–100 nm for nano-CT (Yao et al., 2009; Bai et al., 
2013b). 

Although CT technology is advanced and convenient for studying the 
pore structure of shale sediments, the limitations still remains: (1) The 
resolution limits CT technology effectively distinguish nanoscale parti
cles and pores. (2) Sample processing is difficult. To acquire higher 
resolution, the sample size should be very smaller, which leads to lower 
representativeness of the interpretation result for full sample. (3) Similar 
to FIB-SEM, CT technology has the problem of high testing cost, so it is 
not widely promoted. (4) The accuracy of different-scale characteriza
tion and 3D reconstruction of CT technology depends on the improve
ment of reconstruction algorithms and the development of micro-nano 
processing technology. (5) The key to the characterization of the pore 
structure of the sample by CT technology is the extraction of the pore 
space. In this process, human subjective factor has a great influence on 
the pore extraction. Therefore, CT processing result need other experi
ments to verify its reliability, which brings about the money and time 
consuming. 

3. Methodology 

3.1. Data compilation 

In order to study the characteristics and differences of shale pore 
structure, this study collected >350 sets of data about the pore structure 
of shale sediments. The data contain the information about the pore 
structure and the geological features, which were used to summarize the 
difference of pore structure for shale sediments with different geological 
conditions as well as their main controlling factors. The collected shale 
samples cover the main shale areas developing shale oil/gas in the word 
(Fig. 14). Marine shale is the most developed shale sediments around the 
world, and the collected marine shale data include data from the Eagle 
Ford Shale in the western Gulf of Mexico, the Bakken Shale in the Wil
liston Basin, the Vaca Muerta Shale in the Neuquén Basin, the Marcellus 
Shale in the Appalachian Basin, the Kimmeridge Clay Formation Shale in 
the Cleveland Basin, the Duvernay Shale in the Alberta Basin, the 
Wolfcamp Shale in the Midland Basin, the Carynginia Shale in the Perth 
Basin, and the Dalong Shale, Niutitang Shale, Wufeng Shale and Long
maxi Shale in the Sichuan Basin, etc. Marine-terrestrial transitional 
shale is infrequent, including that in the Shanxi Formation, Taiyuan 

Fig. 12. Schematic diagram of computed tomography (Dierolf et al., 2010). 
The X-ray beam (X) irradiates the sample (S) through a pinhole (P), and then 
the X-ray diffraction image could be received by a 2D pixel detector (D). The 
sample could move and rotate 360◦ on the stage. 
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Formation, and Benxi Formation in the Ordos Basin. Continental shale 
mainly develops in the lacustrine facies, which has been well explored in 
China. The collected lacustrine shale includes the Lucaogou shale in the 
Junggar Basin, the Shahejie shale in the Bohai Bay Basin, the Yanchang 
shale in the Ordos Basin, the Qingshankou shale in the Songliao Basin, 
and the Murteree Formation shale in the Cooper Basin, etc. The gas 
adsorption is the most common method used to study the shale pore 
structure, and total 240 sets of available nitrogen adsorption data were 

collected. The mercury injection method follows, and this study collects 
71 sets of available mercury injection data. Moreover, dozens of data 
from SAS, NMR and SEM were also collected. In addition, the depth, 
thermal maturity, kerogen type, TOC content, sedimentary facies, min
eral composition and petrographic information of these samples were 
also statistically compiled. 

Fig. 13. Application of CT technology for pore structure characterization (Wang et al., 2016). (A) reconstructed 2D images in the XY-plane. (B) segmentation of the 
slice into pore (black) and non-pores (white). (C) reconstructed 3D microstructures. (D)the 3D pore network reconstruction. (E) the 3D pore-throat model skel
etal structure. 

Fig. 14. Sampling data sites. ① 
Permian Lucaogou Shale of Junggar 
Basin; ② Triassic Yanchang Shale, 
Upper Carboniferous-Lower Permian 
Benxi Shale, Shanxi Shale and Taiyuan 
Shale of Ordos Basin; ③ Paleogene 
Shahejie Shale of Bohai Bay Basin; ④ 
Cretaceous Qingshankou Shale of 
Songliao Basin; ⑤ Upper Ordovician 
Wufeng shale, Lower Silurian Long
maxi Shale, Permian Longtan Shale 
and Dalong Shale, Cambrian Shui
jingtuo Shale of Upper Yangtze; ⑥ 
Lower Cambrian Niutitang Shale, 
Jurassic Dongyuemiao Shale, Permian 
Dalong Shale of Middle Yangtze; ⑦ 
Jurassic Dameigou Shale of Qaidam 
Basin; ⑧ Devonian Duvernay Shale, 
Cretaceous Milk River Shale of Alberta 
Basin; ⑨ Cretaceous Eagle Ford Shale 
of Eagle Ford Basin; ⑩ Mississippian 
Barnett shale of Fort Worth Basin; ⑪ 
Devonian Muskwa shale of Horn River 
Basin; ⑫ Devonian Woodford shale of 

Oklahoma; ⑬ Jurassic Haynesville shale of North Louisiana Salt Basin; ⑭ Devonian Marcellus shale, Upper Ordovician Utica shale of Appalachian Basin; ⑮ 
Cretaceous Niobrara Shale of Denver Basin; ⑯ Permian Wolfcamp Shale of Midland Basin; ⑰ Permian Caryngina Shale of Perth Basin; ⑱ Permian Roseneath and 
Murteree Shale of Canning Basin; ⑲ Permian Roseneath and Murteree Shale of Cooper Basin; ⑳ Jurassic Vaca Muerta Shale of Neuquén Basin; 21 Jurassic Kim
meridge Clay Shale of Cleveland Basin; 22 Devonian to Mississippian Bakken Shale of Williston Basin.   
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3.2. Data screening and model 

3.2.1. Data screening 
As mentioned above, many methods can currently be used to char

acterize pore structure with various advantages and disadvantages. This 
study mainly selects nitrogen adsorption data to summarize and sort out 
the characteristics of shale pore structure and obtains the main 
geological factors affecting shale pore structure. The nitrogen adsorp
tion method and related data were selected in this study in view of (1) 
though the complex shale pore structure spans nanometer to millimeter 
scale, many studies show that the mesopores (2–50 nm) dominate the 
pore structure in shale sediments (Zou et al., 2012; Zhu et al., 2016a). 
The gas adsorption method is sensitive to pores in the range of 2–100 
nm, and has the highest detection accuracy for mesopores at this scale 
(Clarkson et al., 2013). (2) Nitrogen adsorption technology is the most 
mature technology compared with other methods for pore structure 
characterization, which has abundant calculation models and relatively 
reliable calculation results. (3) The nitrogen adsorption method is 
currently the most widely used method for pore structure character
ization. The mainstream shale formations worldwide were performed 
with pore structure analysis by nitrogen adsorption, thus the database of 
nitrogen adsorption is abundant. Therefore, the nitrogen adsorption 
data are extensively representative. (4) Nitrogen adsorption technology 
can not only qualitatively evaluate pore type, but also quantitatively 
analyze the pore structure. (5) The nitrogen adsorption method is 
nondestructive and comprehensive. Other methods have more or less 
limitations, especially the human influence, sample unnatural damage, 
unrepresentative local analysis, etc. 

3.2.2. Standardization 
The PSD acquired by the nitrogen adsorption method is the repre

sentation of the volume occupied by pores with different diameters. The 
occupied space at different pore size was presented as cumulative pore 
volume, incremental volume, or differential (dV/dD) distribution curves 
with respect to pore volume by numerous studies (Fig. 15) (Clarkson 
et al., 2013; Tian et al., 2013; Wei et al., 2018). Therefore, to compare 
the PSDs of different shales, it is necessary to unify the format. The 
cumulative pore volume could show the difference of overall space 
among different samples, while it cannot reflect the variation among 
different scale of pore sizes for one sample. The dV/d(D) vs. D curve can 
reflect the variation of pore space among different pore sizes especially 
for mesopores. The dV/dlog(D) vs. D curve can magnify the tiny dif
ference for full scale pore sizes, and has good visual perception (Fig. 15) 
(Meyer and Klobes, 1999; Wei et al., 2018). Therefore, this study unifies 
the nitrogen adsorption data via dV/dlog(D) vs. D presentation. It 
should be noted that the obvious noise in the PSDs may be caused by 
small fluctuations due to the experimental temperature, and the noise 
caused will be amplified when taking the derivative (Clarkson et al., 
2013). The PSD curves derived from the desorption branch of the 
isotherm show a strong artificial pore peak at approximately 4 nm as the 
result of the tensile strength effect phenomenon (Groen et al., 2003). 

Therefore, the anomaly of the peak at 4 nm needs to be ignored when 
discussing the characteristics of the PSD produced by the desorption 
curve (Fig. 16) (Ji et al., 2017; Wei et al., 2018). 

3.2.3. Random forest prediction model 
As an integrated learning model with a complex structure and simple 

implementation, RF is a method that integrates many decision trees into 
forest for classification and regression (Breiman, 2001). The working 
principle of the RF algorithm is shown in Fig. 17. There is no correlation 
between RF decision trees, which were used as a model in bagging. The 
bagging is the presentation of the integration idea, and the RF method 
actually samples both specimens and their features, which can avoid 
overfitting. The bagging strategy is the main method in the prediction 
phase, and includes classified voting and mean value regression. The RF 
method has high tolerance for noise and outliers in data and can effec
tively address complex nonlinear interactions and evaluate the impor
tance of each feature in classification problems. RF models show strong 
robustness and accuracy in dealing with complex data (Stumpf and 
Kerle, 2011). Based on the above advantages, this study used the RF 
model to evaluate and predict the PSDs of shale sediments. Geological 
factors including vitrinite reflectance (Ro), TOC content, clay content, 
carbonate content, detrital content (sum of quartz and feldspar), sedi
mentary facies and kerogen type, were used as characteristic indicators 
to build the model in this study. 

4. Results 

4.1. Pore types in shale 

The complex pore space in shale sediments contains various pores, 
generally dominated by organic pores inside OM and mineral-related 
pores (Chen et al., 2021; Hu et al., 2021a). According to their posi
tion, mineral matrix pores can be divided into interparticle pores and 

Fig. 15. Different presentation of the PSD derived from the N2 desorption branch of isotherms for shale samples (Wei et al., 2018).  

Fig. 16. Presentation of the artificial pores peak at approximately 4 nm at the 
PSD derived from N2 desorption branch of isotherms (Ji et al., 2017). 
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intraparticle pores. Mineral-associated interparticle pores are classified 
as (1) inter-mineral pores between mineral particles (Fig. 18a and g); (2) 
OM-mineral interface pores between mineral particles and OM (Fig. 18b 
and h); and (3) clay-hosted pores between or within clay particles 
(Fig. 18c), including pores within clay-clasts. OM-mineral interface 
pores are considered as interparticle pores. However, intra-OM is 
appropriate where secondary pores within OM nucleate on mineral 
surfaces. Mineral-associated intraparticle pores within mineral grains 
are classified as following: (1) inclusion pores of equant shape are 
probably related to fluid inclusions (Fig. 18d); (2) intraskeletal pores 
(Fig. 18e); or (3) moldic pores where grains have been partially to fully 
dissolved (Fig. 18f). OM pores are secondary pores formed by the 
thermal evolution and hydrocarbon generation of the OM in the shale 
(Curtis et al., 2012a). OM pores can be divided into internal pores and 
marginal pores based on their location, which is dependent on the dif
ference in their pathways of thermal evolution during hydrocarbon 
generation of various types of kerogen. Besides, the OM-hosted pores are 
abundant in all high-maturity shale (Ro of 1.2–1.3%), and are present in 
only minor volumes at low maturity (Ro about 0.5%). 

4.2. PSD characteristics and classification 

The shale PSD obtained by the nitrogen adsorption method presents 
the volume occupied by pores with different diameters. The collected 

Fig. 17. Schematic diagram of the random forest process (Zhou et al., 2021).  

Fig. 18. Various pore space observed from SEM images in this study. (a-c) show the intermineral, organic, and clay related pores in lower Silurian Longmaxi shale of 
Sichuan Basin. (d-f) present the inclusion and mold pore space in the Eocene Shahejie shale of Bohaibay Basin. (h) and (i) show the OM related pores in the Permian 
Fengcheng shale in the Junggar Basin and Cretaceous Gulong shale in the Songliao Basin. 
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PSDs of 240 shale samples are shown in Fig. 19. The shale pores are 
obviously dominated by micro-nanopores with the PSDs ranging from 2 
to 100 nm. The variability of PSD reflects the great heterogeneity of the 
shale pore structure. However, the shale has own unique one or more 
major PSD intervals, showing a unimodal or multimodal distribution. 
The peak represents the pores of corresponding pore size interval taking 
the dominant proportion in the shale pore space. 

The peak shape of PSD reflects the dominant pore size range, and the 
amplitude of the peak presets the amount of the pore space in the cor
responding pore size. Based on the morphology, the PSDs of collected 
shales were divided into six types in this study (Fig. 20): Type I PSD is 
bimodal with the higher front peak, and the dV/dlog(D) ranges in 
0–0.04 cc/g. The rear peak is relatively flat, mainly distributed at 
100–200 nm. The dominate peak of type I is in the range of 1–5 nm, 
indicating that this type shale is dominated by micropores. Type II PSD 
mainly shows a unimodal distribution with a dominant pore size range 
of 50–100 nm, and the range of dV/dlog(D) varies in 0–0.018 cc/g. 
These features hint the macropores dominate the pore space in type II 
shale. Type III PSD is also mainly unimodal. The main pore size ranges 
from 2 to 8 nm, and the dV/dlog(D) is mainly in the range of 0–0.055 cc/ 
g. The shale pore structure with type III PSD is relatively single and 
uniform, mainly composed of fine mesopores (Sing et al., 1985). The 
PSD of type IV is mainly bimodal, and its pore sizes are mainly distrib
uted in the ranges of 2–5 nm and 20–80 nm. The dV/dlog(D) is 
distributed in the range of 0–0.12 cc/g, and the 20–80 nm pore space has 
a relatively larger dV/dlog(D) value than the 2–5 nm pore space. Type IV 
PSD is characterized by a low front peak and high back peak. These 
features indicate the shale with type IV PSD dominated by coarse mes
opores to macropores. Type V PSD also presents an approximately 
bimodal morphology with major ranges of 2–5 nm and 20–50 nm. These 
two peaks are considerable and proportionable, and the dV/dlog(D) is in 
the range of 0–0.08 cc/g. It could be regarded as unimodal with broad 
distribution to a certain extent. And the pore structure of Type V PSD 
shale is complex, with high heterogeneity, mainly composed of meso
pores. Type VI PSD is relatively scattered, with and low dV/dlog(D) 
value generally <0.01 cc/g, indicating that the pore structure of this 
type of shale is relatively heterogeneous. The pore diameters span 
different scales with small pore volume. The shale with type VI PSD has 
no obvious dominant pore space, meaning that it cannot provide pref
erential migration passage for fluid flow, which is disadvantageous for 

shale oil and gas. 

4.3. Geological characteristics of different PSD types shale 

Furthermore, the geological characteristics of different PSD types of 
shales are presented and contrasted in this study (Table. 1 and Fig. 21). 
The six types shales are developed in marine, marine-terrestrial transi
tional or continental sedimentary environments. Under the influence of 
the sedimentary environment, the composition exists considerable gulf 
among the six types of shales. A lot of previous studies show that the 
quartz, feldspar, carbonate and clay minerals, as well as the OM are the 
main composition in shale sediments (Mao and Guo, 2018; Xue et al., 
2020; Hu et al., 2021b; Wang et al., 2022b). 

As shown in Table 1 and Fig. 21, the type I shale has the highest 
quartz and feldspar contents with the average values of 32.72% and 
16.14%, respectively, among these shales. The carbonate content in type 
I shale is the lowest (average of 12.17%). Type VI shale has the lowest 
quartz content (average of 21.47%), and a relatively high carbonate 
content (average of 28.24%). Clay is the most developed in type III 
shale, ranging from 15.00% to 87.00%, while feldspar is scarce, with the 
average value of 4.04%. Meanwhile, the clay content in type II shale 
varies from 3.00% to 62.90% with an average of 29.88%, which is lower 
than that in other shales. There is little difference in the content of 
quartz and carbonate minerals between type III and V shales. The con
tent of clay minerals in type III shale is higher than that in type V shale, 
while its feldspar content is relatively low. Although these mineral 
compositions show obvious differences among these shales, the range of 
feldspar content is relatively concentrated in contrast to the scattered 
carbonate and clay. 

The six types shales show distinct differences in TOC content. The 
type IV shale has the highest TOC content (average of 4.54%), followed 
by type I and II shales with semblable TOC contents with means of 
3.44% and 3.40%. The TOC content in type III shale ranges from 0.20% 
to 7.00%, lower than that in type V (0.38–12.87%/2.60%) and VI 
(0.23–11.44%/3.27%) shales. In addition, the Ro values of the six types 
of shales show obvious differences. The Ro values of type I and IV shales 
are approximate, with average of 1.49% and 1.51%, respectively, higher 
than that in type III shale (average of 1.18%). Type V shale has the 
lowest Ro value (average of 0.75%), lower than that in type II and VI 
shales with average Ro values of 0.97% and 0.87%, respectively. Type I, 

Fig. 19. Compilation diagram of shale pore size distribution.  
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Fig. 20. The six classifications of shale sediments based on PSD features.  

Table 1 
Geological characteristics of different shales.   

I II III IV V VI 

Sedimentary 
environment 

Marine, marine- 
terrestrial transitional, 
lacustrine 

Marine, lacustrine Marine, marine- 
terrestrial transitional, 
lacustrine 

Marine, marine- 
terrestrial transitional, 
lacustrine 

Marine, marine- 
terrestrial transitional, 
lacustrine 

Marine, marine- 
terrestrial transitional, 
lacustrine 

Strata Ɛ1/D3/C2/P/J3-K1/ E2 O/D2/D3-C1/P1/ 
K2/E2 

D3/T2-T3/C2-P1/E2 Ɛ1/O3/S1/D3/C2/P/J3- 
K1/E2 

P1/C/K/E2 D3/C2/T/E2 

Depth (m) 990.00–5193.70/ 
2728.60 

362.90–4226.80/ 
2855.90 

1087.00–5011.00/ 
2958.70 

975.00–4653.00/ 
2538.60 

1043.00–4215.30/ 
2920.90 

1119.00–4905.00/ 
2549.80 

Ro (%) 0.51–3.75/1.49 0.48–2.20/0.97 0.48–2.00/1.18 0.35–3.17/1.51 0.42–2.02/0.75 0.42–2.13/0.86 
Kerogen Type I/II/III I/II/III II/III I/II/III I/II/III I/II/III 
TOC (%) 0.18–7.97/3.44 0.84–11.20/3.40 0.20–7.00/2.32 0.50–15.90/4.54 0.38–12.87/2.60 0.23–11.44/3.27 
Quartz (%) 11.00–63.08/32.72 0.63–80.08/31.89 7.20–41.80/25.10 7.80–51.50/34.14 9.20–54.00/25.29 3.20–38.57/21.47 
Feldspar (%) 0.00–64.00/16.14 0.00–30.60/6.84 0.30–14.02/4.04 0.0026.40/7.48 0.00–27.90/9.49 0.50–24/9.12 
Carbonate (%) 0.00–53.00/12.17 0.00–83.00/27.46 0.00–62.00/16.60 0.00–75.90/19.83 0.00–68.00/17.40 0.00–74.00/28.24 
Clay (%) 2.00–65.60/32.43 3.00–62.90/29.88 15.00–87.00/46.87 1.20–59.10/33.29 16.00–56.00/37.37 6.00–85.00/35.99  
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II, and III kerogens are widely developed in the six types of shales, 
showing weak differences among the shales. 

4.4. Random forest model 

RF is a powerful method that uses multiple classification trees to 
distinguish and classify data. While classifying data, it can also give the 
importance score of each variable (gene) and evaluate the role of each 
variable in classification. To assess the importance of geological factors 
for each type of shale, the mean decrease accuracy and mean decrease 
Gini algorithm is used in this study. The importance of each factor has 
been assessed as shown in Fig. 22. The RF result shows that Ro is the 
most important contribution factor, with a score of 0.222, followed by 
TOC content (0.193) and clay content (0.169). The score of detrital 
content (0.140) is slightly higher than that of carbonate content (0.139). 
The higher feature importance indicates that the feature contributes 

more in the classification of shale based on the PSD features. The sedi
mentary facies and kerogen type acquire the lowest scores <0.1, 
meaning that they have little differences among these six type shales. 
The evaluation results show that the Ro, TOC content and clay content 
have a more significant influence on the classification prediction 
modeling of shale sediments through PSD features. The sedimentary 
facies and organic matter type have relatively few contributions. 

In order to evaluate the performance of the prediction model, the 
accuracy of the model and the confusion matrix of the test set were 
calculated as shown in Fig. 23. The overall accuracy of the RF model 
synthesizing the six classification is 75%. As shown in the test set 
confusion matrix heat map (Fig. 23b), the model accuracy of classifi
cation I is the highest with the value up to 80%, followed by classifi
cation II, III and V with the accuracy of 75%. The accuracy of 
classification IV is slight lower than that of classification II, III and V, but 
higher than that of classification VI. In conclusion, the RF prediction 

Fig. 21. The comparison of geological characteristics of different shales. The (a)-(f) show the difference of quartz, feldspar, carbonate, clay, TOC, Ro, respectively.  

Fig. 22. the importance evaluation of geological features for shale classification by RF machine learning.  
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model of shale PSD classification is relatively reliable. An important 
factor affecting the accuracy is the size and imbalance of the data set. In 
this model, the categories with large data volume tend to have relatively 
better prediction results. And the model may be more accurate as the 
further improvement of the data set in the future. 

5. Discussion 

5.1. Factors affecting on the PSD 

The complex pore structure of shale sediments is the comprehensive 
outcome of multiple geological factors. The main geological factors 
affecting the pore structure include Ro, mineral composition, TOC 
content, depositional environment, kerogen type, fluid-rock in
teractions, etc. Among them, the fluid-rock interactions are controlled 
by fluid properties, mineral properties, temperature and pressure 

Fig. 23. (a) shows the test set confusion matrix and (b) present the normalized confusion matrix.  

Fig. 24. (a) intergranular pores in silicified mallomonas (b) OMs with intraparticle porosity surrounded by quartz (c) intragranular pores and interparticle pores 
develop in pressure shadows of rigid grains (d) dissolution–related fracture in carbonate minerals (Yang et al., 2016c) (e) shows the interconnected combination of 
micropore to larger complex pores in large OM particles. (f) shows the organic-clay aggregates in the Shanxi Shale (Wei et al., 2018; Qiu et al., 2021). 
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conditions, etc., which are largely limited by the study area, and do not 
have global universality, with few data (Mastalerz et al., 2013; Liu et al., 
2017a; Li et al., 2020; Wang et al., 2022a; Wang et al., 2022e; Zhou 
et al., 2020a; Zhang et al., 2022). On the other hand, since this paper 
mainly studies the influence of basic geological characteristics on pore 
structure, in order to establish a pore structure prediction model based 
on geological characteristics. Therefore, the factor of fluid and rock re
action was not input when building the prediction model. The statistical 
results show that the mineral composition, TOC content, and Ro have 
obvious influences on shale classification by PSD features, while the 
sedimentary environment and kerogen type contribute little. 

5.1.1. Mineral compositions 
The composition of shale has an important influence on its pore 

structure through various mechanisms (Li et al., 2016a; Xue et al., 
2020). The sedimentary environments will lead to certain differences in 
composition and pore types of shale sediments (Mao and Guo, 2018). 
Numerous studies (Yang et al., 2016b; Yang et al., 2016c) have revealed 
that the pores of marine shale are mainly composed of clay mineral 
pores, skeleton mineral pores, microfossil intragranular pores and 
organic pores (Fig. 24). The organic pores could contribute approxi
mately 62% of the total porosity in the Longmaxi marine shale, and 
skeleton mineral pores (quartz, feldspar, carbonate, etc.) and clay pores 
contribute 25% and 13%, respectively (Yang et al., 2016c). The rigid 
particles can prevent pore collapse and are beneficial to the preservation 
of organic and clay mineral-related pores (Fig. 25a), which are usually 
observed around rigid particles. The skeleton mineral related pores are 
mainly related to carbonate dissolution (Figs. 24 and 25c). Organic 
pores are dominated by nanoscale micropores (Fig. 25b), inducing 
widely unimodal PSD observed in the OM enriched shales (Fig. 26b). 
Meanwhile, the meso-macropore formed by the dissolution of carbonate 
minerals would present bimodal PSD in the carbonate-rich shale sedi
ments (Fig. 26a) (Yang et al., 2016c). 

The relatively frequent sea level changes bring strong heterogeneity 
of pore structure in the marine-terrestrial transitional shale sediments 
(Yang et al., 2017a; Mao and Guo, 2018). Previous studies have shown 
that inorganic pores dominate the marine-terrestrial transitional shale 
and are affected by mineral composition (Fig. 27) (Xue et al., 2020; 
Wang et al., 2022d). Inorganic pores are mostly mesopore and macro
pore. Argillaceous siltstone and silty mudstone are important types of 
marine-terrestrial transitional shale. The storage space in argillaceous 
siltstone dominated by siliceous minerals is mainly mineral matrix 
pores, including inorganic mineral intergranular pores and intra
granular pores (Xue et al., 2020). Siliceous minerals have stronger 
supporting capacity than clay minerals and can reduce compaction 
damage (He, 2019). For silty mudstone with high content of clay min
erals, its pore spaces are mainly organic and intergranular pores. The 
macropore, mesopore and micropore contribute similar pore volumes, 
and the pore structure is affected by the transformation among clay 
minerals. Kaolinite is easily transformed into chlorite with small SSA. 

The conversion of montmorillonite to illite-smectite mixed layer will 
consume K+, thereby promoting the dissolution of feldspar (Berger et al., 
1997; Peltonen et al., 2009). More illite-smectite mixed layers can in
crease the mesopore volume, and a positive correlation between clay 
mineral content and pore volume is usually observed in silty mudstone. 
The influence of inorganic minerals on pore structure in silty mudstone 
is not obvious. 

The lacustrine shale has more complex composition, and its pore 
types are mainly matrix related pores (Chen et al., 2015a; Jiang et al., 
2016; Zhang et al., 2020a; Yang et al., 2021). The pore spaces in 
different lithofacies of lacustrine shale have significant differences (Shao 
et al., 2018; Li et al., 2020; Yang et al., 2021). Which are affected by 
compaction, composition, and thermal evolution (Peltonen et al., 2009; 
Zhou et al., 2020b; Gu et al., 2021). Before the middle stage of 
diagenesis, pore spaces are dominated by intergranular pores and clay- 
related pores. The intensity of compaction and the content of ductile 
minerals are the main factors affecting the pore structure (Berger et al., 
1997; Peltonen et al., 2009; Zhou et al., 2020b). Siliceous and calcareous 
shales have large meso-macro pore volume, induced by inorganic pores 
with a diameter of tens of nanometers, including intergranular pores, 
intragranular pores, dissolution pores and intercrystalline pores. 
Correspondingly, mixed shale has the smallest mesopore volume, due to 
the developedly smaller clay interlayer pores and intergranular pores, as 
well as its strong compressibility (Zhang et al., 2020a; Gu et al., 2021). 
Authigenic analcime has a positive effect on the formation and preser
vation of micropores in calcareous shale and siliceous shale, and a 
negative effect on the micropores of mixed shale (Fig. 28) (Yang et al., 
2021). The evolution of calcareous mineral-related pores is affected by 
thermal evolution and the interaction of minerals and fluids. The 
contribution of organic pores increases as the degree of thermal evolu
tion increases, and is seriously affected by the organic-inorganic in
teractions. (Wu et al., 2012; Yang et al., 2013; Kennedy et al., 2014; 
Jiang et al., 2016; Mao and Guo, 2018; Gu et al., 2021). 

5.1.2. Abundance of OMs 
OM is an important component of shale sediments, and affects the 

pore structure to a great extent (Li et al., 2020). Previous studies have 
revealed that the 0.34 nm pores formed in the aromatic rings combi
nation of OM kerogen are an important part of micro-nano organic pores 
in shale sediments (Yang et al., 2019a; Yang et al., 2020). In addition, 
hydrocarbons are produced as the temperature increases during the OM 
burial process, accompanied by OM volume shrinkage and the genera
tion of smaller internal pore spaces. Furthermore, a certain amount of 
organic acids produced in the process will corrode the materials and 
increase the pore space (Li et al., 2020). However, OM has strong 
compressibility and extensibility, and the pore spaces in high TOC shale 
is more easily compressed and reduction during burial. 

The Late Permian Dalong marine shale in the Yangtze plate of East 
Asia has low thermal maturity, with Ro range of 0.60% - 0.81%, and it 
has similar PSD dominated by macropore space. The micropore in the 

Fig. 25. the relationship between (a)quartz content and porosity (b)TOC and micropore volumes content (c)carbonate minerals content and meso-macropore volume 
content (Yang et al., 2016c). 
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Dalong shale is closely related to TOC content (Wei et al., 2018). Its 
corresponding PSD curve presents an overall downward trend with 
increasing TOC content (Fig. 30a), indicating that high TOC content 
inhibits the development of pore space at low maturity (Fig. 29a) (Wei 
et al., 2018). In addition, the interconnected combination of micropores 
during the thermal evolution process is another way to form larger 
complex pores in large OM particles (Fig. 24e) (Li et al., 2020). There
fore, the high TOC content may lead to a decrease of micropores and an 
increase of macropores in shale sediments (Figs. 29b, 30b and c), as well 
as the backward shift of PSD curve. However, this feature may differ 
from that in the marine-terrestrial transitional shale. Qiu et al., 2021 

found that the micropore (PSD of 0.3–0.5 nm) dominated the pore 
structure in the Permian Shanxi marine-terrestrial transitional shale in 
the Ordos Basin with TOC content <2.00%. And the Shanxi shale with 
TOC content higher than 2.00% mainly dominated mesopore with 
relatively stable PSD (Fig. 30b and c). 

In addition, shale sediment contains abundant clays, and its strong 
adsorption capacity facilitates OM enrichment and the organic-mineral 
interactions (Macquaker et al., 2010; Kennedy et al., 2014; Milliken 
et al., 2014; Pommer and Milliken, 2015). The association of OM and 
clay minerals will form new and more stable nanostructure of OM-clay 
aggregates (Fig. 24f), which promotes the decomposition of kerogen 

Fig. 26. PSD of shale samples derived from the N2 adsorption branch of the N2 isotherms by the BJH method (a) carbonate–rich samples (b)TOC–rich samples (Yang 
et al., 2016c). 

Fig. 27. (a) and (b) show the influence of siliceous content and OM content on the PSD of argillaceous siltstone. Illite-smectite mixed layer also has obvious effect on 
the PSD of the silty mudstone as shown in (c) and (d) (Xue et al., 2020). 
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(Kennedy et al., 2002). This complex process is OM-clay interaction 
function of degree (Zhu et al., 2018). Therefore, mesopore increase 
significantly with increasing TOC and clay (Fig. 30c). Of course, the 
small pores will be preferentially clogged and filled by the large particles 

or the precipitable fluid during the hydrocarbon generation process (Li 
et al., 2016a). 

Fig. 28. PSD observed by the combination of CO2 and N2 physisorption tests for various shale (Yang et al., 2021).  

Fig. 29. The correlations of TOC content vs. PV in the Late Permian Dalong shale (a) and Permian Shanxi shale (b) (Wei et al., 2018; Qiu et al., 2021).  

Fig. 30. (a) shows the PSD variation as TOC changes. The PSD difference in the shale with TOC < 2.00% (b) and > 2.00% (c) (Wei et al., 2018; Qiu et al., 2021).  

F. Jiang et al.                                                                                                                                                                                                                                    



Earth-Science Reviews 241 (2023) 104442

22

5.1.3. Thermal maturity 
Compared with the shale compositions, the OM thermal maturity has 

more obvious influences on the pore structure of shale sediments (Curtis 
et al., 2012a). Inorganic intergranular pores are the main contributor to 
pore space in low-mature shale, while organic pores dominate in high 
maturity shale. As the degree of thermal evolution further increases, the 
micropores will connect to form large and complex pores, which will 
affect the PSD. 

The lacustrine shale in the Xingouzui Formation in the Jianghan 
Basin has relatively low maturity ranging of 0.30% Ro-0.60% Ro with an 
average Ro value of 0.46%, and it contains many inorganic pores 
dominated by macropores (Li et al., 2016b). The Upper Jurassic Shahezi 
shale and Lower Cretaceous Yingcheng shale in the Songliao Basin 
shows that the OM transformation is the core factor affecting pore space 
evolution in lacustrine shale sediments (Zhou et al., 2020b). With 
increasing thermal maturity, the micropore, mesopore and macropore 
present a trend of decreasing first and then increasing, and a saltation at 
1.30% Ro was observed (Fig. 31) (Zhou et al., 2020b). The early decline 
is caused by the filling of inorganic pores by crude oil, and the later 
enlargement trend is caused by the formation of organic pores (Zhou 
et al., 2020b). 

As the thermal maturity increases to the pyrolysis gas stage, the 
organic pores will increase rapidly. However, because of the continuous 
increase of burial depth at this stage, the intergranular pores will be 
compressed in the plastic shale sediments enriched OM, which will 
offset the rapidly increasing organic pore space (Lee and Kim, 2019). 
Furthermore, the thermal simulation also reveals an overall upward 
trend of the PSD curve as the temperature increases (Sun et al., 2019). 
The PSD is basically unchanged from unheated to 250 ◦C (low maturity 
stage), increases rapidly at 250–400 ◦C (mature stage), and soars sharply 
at 400–500 ◦C (high maturity stage). These three stages correspond to 
the overhaul, formation and development phases of the pore system 

(Fig. 32) (Sun et al., 2019). 

5.1.4. Fluid-rock interactions 
The interaction between rock and fluid is an important factor 

affecting the pore structure of shale. Clay minerals in shale will swell 
when exposed to water, which will block the pores space (Lahann et al., 
2013; Lu et al., 2016; Yin et al., 2016). The weakly acidic fluid formed 
under the action of CO2-water interaction will cause mineral dissolution, 
leading to the change of shale pore structure. When shale is exposed to 
CO2 and water environments, the porosity of shale will increase from 
2.88% to 3.16% as the CO2 pressure increases, and its connectivity is 
improved. The micropores and mesopores in shale gradually shift to 
macropores, and the heterogeneity of pore structure reduces with 
decreasing fractal dimension (Zhou et al., 2020a). Obviously, the effect 
of supercritical CO2 (10 MPa, 14 MPa) on the pore structure is more 
significant than that of critical CO2 (6 MPa) (Fig. 33). 

In addition, the salting out of sedimentary water also affects the pore 
structure of shale. Especially for saline lake basins with salt develop
ment, the evaporation of salt minerals leads to the blockage of shale 
pores, affecting the pore structure (Scherer, 2004; Swpu, 2018; Zhang 
et al., 2019b). The brine evaporation experiment shows that salting out 
reduces matrix porosity by 23% and absolute permeability by 47% in the 
hypersaline lacustrine shale of the Qianjiang Formation in Jianghan 
Basin (Zhang et al., 2022). Moreover, the salting-out leads to great 
changes of pore structure, with obvious left-shifting of the PSD (Fig. 34) 
(Zhang et al., 2022). This phenomenon shows that salt precipitation has 
a great influence on larger pores and reduces the heterogeneity of the 
shale pore structure to a certain extent. 

5.2. Attentions about the random forest prediction model 

The average accuracy of the prediction model generated by the RF 

Fig. 31. The PSD variation in shale sediment follows its thermal maturity obtained from low-pressure CO2 adsorption (a) and (b) and mercury intrusion (c) and (d). 
The Samples are from the Yingcheng Formation (K1y). and the underlying Shahezi Formation (K1sh) in the Songliao Basin, China. The largest micro-, meso- and 
macropore volume all occur in the least mature and in the most mature samples. The minimum micropore volumes exist in the status of 1.25%Ro and 1.32%Ro. 
While the minimum mesopore and macropore volume exist in the status of 1.32% Ro (Zhou et al., 2020b). 
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method in this study is 75%. As shown in the normalized confusion 
matrix (Fig. 23), the types of I, II, III and V have the best performance in 
the RF prediction models, followed by types IV, and VI perform the 
worst. The data set with larger data volume more likely performs better 
than the data set with smaller data volume in the RF prediction model. 

However, the effective data collected in this study is very limited, 
resulting in a large difference in the specimen size of different shale 
types, as well as the accuracy of <80% in the RF prediction model. 
However, this accuracy is sufficient to effectively predict the PSD type of 
shale sediment according to its geological characteristics. This study is a 
bold attempt, providing a new method for the fast prediction of shale 
pore structure based on geological analysis and ML to reduce cost. 

Further research will focus on improving the quality of data sets and 
algorithm optimization to improve the accuracy of the model (He and 
Garcia, 2009; Seiffert et al., 2010; Ma et al., 2022). Specifically, the 
quality of the data set can be improved by increasing the sample size to 
solve the problem of data set imbalance and the overall sample size is 
too small; and the algorithm can be optimized by combining with other 
algorithms to better alleviate the problems caused by unbalanced data 
sets (Ma et al., 2022). We believe that the expansion of data volume, the 
optimization of algorithms and the establishment of data cleaning 
standards in the field of oil and gas exploration are the directions to 

improve the accuracy of the model. 

6. Conclusions 

The rapid development of shale oil and gas promotes the rapid 
development of shale pore structure characterization and accumulates a 
considerable amount of data about different shales and their pore 
structure. While, a lot of repeated work in this field present similar pore 
structure. These works are lack of summary, resulting in a large waste of 
research time and money. This study reviewed pore structure system
atics in marine, marine-terrestrial transitional and continental shale of 
all key formations and ages. In addition, we investigated the charac
teristics of pore structure in shale sediments with different geological 
conditions. We emphasis on the classification of PSD in shale sediments 
and the influence of geological factors on the PSD types. The PSD of 
shale is classified into six types based on the morphological character
istics, which show obvious differences in the shale compositions and 
thermal maturity. The RF ML further shows that thermal maturity has 
the greatest effect on the PSD classification, followed by TOC content 
and mineral composition. 

Thermal maturation affects the pore structure of pore types and PSD. 
The high thermal maturation facilitates the generation of organic pores 

Fig. 32. PSD variations of shale with thermal maturity by thermal simulation experiment (Sun et al., 2019).  

Fig. 33. The influence of CO2-water exposure on shale PSD obtained from N2 adsorption (a) and NMR (b) methods (Zhou et al., 2020a).  
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and the connection of micro-nano micropores to larger pores. In addi
tion, the diagenesis related to thermal maturation will also affect the 
pore types, especially the dissolution of organic acids formed during 
hydrocarbon generation, which will form dissolution pores. The OM and 
minerals in shale affect the shape and type of pores, which are the basis 
of the pore structure. The TOC content has two negative effects on the 
shale pore structure. The high TOC content avails to the formation of 
more micro-nano micropores during the process of hydrocarbons gen
eration. While, the strong plasticity of OMs will lead to pore space 
collapse. Mineral composition mainly affects the pore structure of pore 
types. Quartz and feldspar are mainly intergranular pores with a few 
fractures developed. The dissolution pores are mostly developed in 
carbonate minerals. Interlayer pores are frequently developed in clay 
minerals. Based on the evaluation from RF ML, we suggest that the 
sedimentary environment and the OM types have little influence on the 
shale pore structure than other factors. 

Moreover, we proposed a RF machine learning model to forecast the 
PSD type of shale sediments through the geological conditions. Through 
the prediction model proposed in this paper, the simple prediction of 
PSD classification can be implemented quickly and efficiently by 
inputting only basic geological parameters common in shale research 
such as mineral content, Ro, TOC content, sedimentary facies and 
kerogen type of shale samples, which means that pore structure analysis 
can be realized without additional expensive, time-consuming, and 
environmentally unfriendly pore characterization experiments. The 
proposed model based on RF can determine the factors most closely 
affecting the pore structure, and can quickly obtain the pore structure 
characteristics of shale samples. This model has guiding significance for 
geologists to study oil and gas occurrence and flow space of shale sed
iments, as well as subsequent exploration and production. The supple
ment of dataset and improvement of algorithm in the further study are 
the key directions for us to enhance the accuracy of the prediction model 
and optimize the model. 
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