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A B S T R A C T   

The micropore structure’s permeability contribution to total permeability of the heterogeneous reservoir with 
multiscale pore structures is critical for reservoir evaluation but still not well understood. This paper proposes a 
multiscale pore structure characterization method based on high-resolution SEM images to quantitatively analyse 
the micropore structures’ content and their permeability contributions via six steps. First, the image-based rock 
typing is implemented to classify a multiscale pore structure into different rock types using the random forest 
algorithm. Second, the 3D model of the macropore structure and every micropore structure is reconstructed 
applying the MPS method. Third, the permeability of each reconstructed 3D micropore structure is calculated 
using LBM, and the corresponding permeability REV of this structure is estimated. Four, an upscaling process is 
carried out to divide the reconstructed 3D macropore structure into many cells whose length is determined by the 
maximum permeability REV of the micropore structures. Five, the permeability of every cell of the coarse grid is 
calculated by LBM except some cells that are randomly selected as micropore structures whose permeability is 
assigned directly according to their rock types. Finally, the permeability contribution of each micropore structure 
is evaluated by comparing the permeability calculated before and after assuming the target micropore structure 
is impermeable. The result shows that the permeability contribution of a micropore structure varies significantly 
according to its permeability, content, spatial distribution, and the permeability of the macropore structure.   

1. Introduction 

Due to the complex depositional and diagenetic process, most of the 
reservoirs, especially the carbonate[1,2], tight sandstone [3], shale [4], 
and coal [5], present multiscale porous structures, consisting of mac-
ropore networks and micropore networks. Quantitively characterizing 
the inner structure of the multiscale porous media, especially under-
standing the content and the permeability contribution of different 
micropore networks plays an important role in reservoir evaluation [6]. 
The permeability contribution of the micropore structures determines 
the definition of the effective reservoir in the industry. Furthermore, if a 
kind of micropore structure that has a significant effect on the transport 
properties of the reservoir has certain genetic connection with some 
special diagenesis phases or sedimentary phases, the quantitatively 
understanding of its permeability contribution will play an important 
role in predicting the distribution of the effective reservoir. Several 
studies have qualitatively analysed the permeability contribution of 
micropore structures in multiscale porous media of various rock sam-
ples. For example, Xi et al. [7] studied the diagenesis evolution of the 

sandstone reservoir of the Sangonghe formation in Junggar Basin, 
China, and concluded that the generation of some high quality reservoirs 
has an apparent negative relationship with the content of some clay 
minerals, which significantly worsen the reservoir permeability by 
locally transforming some macropores to microporous media. Not only 
diagenesis facilitates the generation of the heterogeneity of the reser-
voir, some depositional process naturally generates pore scale hetero-
geneity. Several studies have indicated that permeability in the direction 
parallel to the bedding is controlled by the highly permeable layers 
characterized by macropores, while the permeability in the direction 
normal to the bedding is controlled by the less permeable layers char-
acterized by micropores [8,9]. The spatial distribution of the micropore 
structures highly affects the transport property of the reservoir. Yuzhu 
Wang et al. [10] characterized the pore network of a shale sample and 
found that most the macropores (intergranular pores) are not connected 
with each other directedly but connected by some nanoscale pore net-
works occurred in Kerogen, which indicates the micropore system plays 
a critical role in the gas transportation. However, due to the complexity 
of the shale’s pore network, a shale sample from different reservoir, even 
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two spatially adjacent samples from the same formation present 
different inner structure characters. Jan Goral et al. [11] investigated a 
Marcellus shale sample and concluded that the permeability of the shale 
sample is mainly provided by the macropore network (nonorganic- 
matter-hosted pore network), while the permeability contribution of the 
micropore network (organic-matter-hosted pore system) is nearly 
neglectable. Hiroshi Okabe and Martin J. Blunt investigated a Creta-
ceous carbonate rock sample and claimed that the permeability of this 
sample is controlled by both vugs (macropores) and small scale pores 
(micropores) [12]. 

To quantitatively characterize the inner structure of the multiscale 
porous media, two approaches are widely used including laboratory 
measurement methods and image-based analysis. Laboratory measure-
ment methods including constant speed mercury injection pressure 
(MIP), low pressure gas adsorption, and low field nuclear magnetic 
resonance (NMR) have been used widely to describe the pore structure 
of the reservoir [3]. However, the laboratory measurement techniques 
just provide the overall pore-throat size distribution of the entire rock 
sample but failed to specifically describe the inner structure of each 
micropore structure such as the clay, kerogen and eroded feldspar. 
Therefore, it is difficult to quantitatively analyse the permeability 
contribution of each micropore structure using the laboratory mea-
surement methods. 

Another way is based on imaging devices. Under the help of various 
imaging equipment such as micro X-ray computed tomography (μ-CT), 
scanning electron microscopy (SEM), and focused ion beam scanning 
electron microscopy (FIB-SEM), we can observe the 3D inner structure of 
the porous media directly. Among these imaging techniques, μ-CT 
[13–17] can provide a 3D image of the rock sample with millimeter size, 
but its resolution is always insufficient to describe the nanostructures, 
FIB-SEM [18,19] is adequate to guarantee the nanoscale resolution, but 
its field of view (FOV) is too small to cover the heterogeneity of the 
sample. SEM is the relatively most suitable approach to detect the 
multiscale pore structures of the reservoir sample because of its flexible 
resolution and FOV [20]. Therefore, we use SEM images to study the 
multiscale porous structures of the rock sample. 

Pore structure characterization based on 2D images has been widely 
discussed in literature. However, these works focus on either perme-
ability calculation based on 2D images or multiscale pore network 
classification. For example, Lock et al. [21] proposed a permeability 
prediction method based on 2D images by idealizing the pore structure 
as a cubic network of pore tubes. Keehm et al. [22] predicted the 
permeability of a 3D reconstructed porous structure, generated by a 
sequential indicator simulation method based on 2D thin sections, using 
the Lattice Boltzmann method. These two references [21,22] focused on 
permeability calculation using 2D images but do not involve any mul-
tiscale structural features of the porous sample. Gundogar et al. quan-
titatively analysed the pore network descriptors, including porosity, 
pore-throat distribution, coordination number, shape factor, aspect 
ratio, and their distribution of middle east carbonates at multiscale 
based on SEM images and physical core measurements[23]. Due to the 
irreconcilability of resolution and FOV of imaging, a workflow for 
multiscale reservoir characterization at pore scale integrates 2D SEM 
and 3D μ-CT images to describe various pore types and texture at 
different scales were proposed [24,25]. The multiscale pore structure 
characterization proposed by references [24,25] depends on the com-
bination of 3D μ-CT images and 2D SEM images where the 3D macropore 
structure is supplied by 3D μ-CT images and the micropore structure is 
described by SEM images. However, a promising application of multi-
scale pore structure characterization based on SEM images is to deter-
mine the scanning resolution of the μ-CT. One challenge of μ-CT 
scanning is how to select a reasonable resolution by which the effective 
details of the porous structure can be observed and simultaneously 
grantee the sample size is as large as possible. In addition, the acquisi-
tion of 3D μ-CT images is expensive and time-consuming, not mentioned 
that it is impractical to obtain the 3D μ-CT images in some special 

situations such as the reservoir characterization based on drill cuttings. 
In this paper, we proposed a workflow to characterize the pore structure 
of the reservoir samples at multiscale, especially estimate the perme-
ability contributions of various microscale porous media in a hetero-
geneous porous structure, based on 2D SEM images. 

Nowadays, we have three potential approaches to estimate the 
permeability contributions of various microscale porous media in a 
multiscale pore structure using 2D SEM images. First, a high-resolution 
3D pore structure is generated directly based on 2D SEM images using 
feasible reconstruction algorithms such as Gaussian random filed based 
reconstruction, simulated annealing, or multiple point statistics (MPS). 
Then all multiscale pore structure characterization is carried out based 
on this high-resolution reconstructed 3D porous media. This method is 
feasible in theory, however very difficult to be realized in practice due to 
the voxel size of the reconstructed 3D image is always extremely large 
(say more than 10,000 × 10,000 × 10,000voxels), which further results 
in high computation price. The reconstructed 3D porous media has to 
satisfy the requirements of resolution and sample size simultaneously. 
On the one hand, the reconstructed 3D porous structure should be large 
enough to cover the heterogeneity of the target rock sample. On the 
other hand, the resolution of the reconstructed 3D porous structure 
should be high enough to detect the structure details of the fine scale 
porous media (e.g., the inner structure of a grain of eroded feldspar). 
Second, using the method proposed by [6] in which the effect of the 
microporosity on transport properties in heterogeneous porous media is 
estimated via four steps including: 1) a macronetwork of the inter- 
granular pore space is built firstly; 2) then a part of pores are selected 
as microporous regions according the fraction of macropores or grains 
that contain the micropores; 3) these designated pores are replaced by 
microscale pore networks which describe the microporosity structure 
and the generated microscale pore networks are connected with all 
existing pores; 4) the medium flow properties are estimated based on the 
reconstructed two-scale pore network model. However, it is very chal-
lenging to define the connection of macronetwork and micronetwork in 
the generated pore network model because a micro porous medium (e. 
g., an eroded grain) may has hundreds of throats connect to its adjacent 
macropores. Third, an upscaling process is carried out to mesh the 
heterogeneous structure with a coarse grid system where each cell can 
be treated as a relatively homogeneous microscale porous medium. 
Then the medium flow properties can be calculated based on the 
upscaled grid system. In this study, we choose the third approach. 

The multiscale pore structure characterization based on 2D images 
discussed in this paper involves two image processing methods, 
including image-based rock typing and 2D to 3D image reconstruction. 
The coarse-scale of the pore structure characterization is implemented 
by image-based rock typing. Image-based rock typing can be treated as a 
texture classification problem. The image of porous media is classified as 
a number of rock types where each type can be treated as a homoge-
neous porous medium. The basic idea of rock typing is to extract some 
structure features from a neighborhood with a given size of each pixel of 
the image and then classify these pixels into different rock types using a 
proper classification algorithm. Some popular applied structure features 
are Minkowski functionals [26], co-occurrence matrix [27,28], and 
wavelet coefficients [29]. As the well-known, Gaussian Mixture Model 
[30], support vector machine and K-means classification are used for 
image-based rock typing. 

The 2D to 3D image reconstruction can be dated back to the 1980 s’ 
since Quiblier reconstructed a 3D porous media based on 2D image 
sections of a sandstone sample using the Gaussian random field recon-
struction (GRFR) method[31]. This method was then immediately 
attracted many researchers, and finally, was developed as a big family of 
reconstruction methods[32]. Due to the GRFRM using a two-point cor-
relation function as structure descriptor that does not contain pore 
connectivity information, it is difficult to reproduce the connectivity 
feature of the pore structure[33,34]. In order to solve this problem, some 
descriptors include pore connectivity information that is added to build 
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the porous media, such as two-point cluster function[35], linear-path 
length [36], and chord-length function[37]. Because it is difficult to 
incorporate these new descriptors into the aforementioned GRFR, the 
simulated annealing reconstruction (SAR) method was proposed to build 
porous media subject to various statistical constraints [38–41]. SAR 
algorithm allows arbitrary structural descriptors to be imported into the 
reconstruction procedure as constraints to improve the accuracy of 
modelling. Although this method has successfully reconstructed several 
materials, including sandstone [42] and chalk [43], the resulting images 
do not always capture the long-range connectivity of pores, namely the 
tight porous materials. It is difficult to obtain a global minimum for 
these low porosity porous materials and, therefore, can only be used for 
a specific medium [44]. In addition, the simulated annealing’s compu-
tational price is so high that it is impractical to reconstruct a large size of 
porous media. Another popular reconstruction method is process-based 
reconstruction, which is carried out by simulating the generation of the 
natural rock [45–49]. However, the generation process of the natural 
rock such as carbonate rock sample, tight sandstone, and shale is so 
complex that it is challenging for numerical simulation [50]. Currently, 
a promising reconstruction method is Markov Chain Monte Carlo 
(MCMC) algorithm [51], and its extension version, multiple point sta-
tistics (MPS) algorithm[52]. Because of the application of the search tree 
[53]and multigrid strategy[54], the MCMC method effectively balances 
accuracy and reconstruction speed. 

The remaining part of the paper is organized as follows. Section 2 
presents the methodology of this study that contains six subsections. 
First, the sample material we used in this study is introduced briefly 
(Section 2.1). Then the random forest rock typing is applied to classify 
the SEM image into different rock types (Section 2.2). This is followed by 
a 2D to 3D reconstruction, which is carried out to generate the 3D inner 
structure of the macroscale porous medium and all microscale porous 
media (Section 2.3). After that, the permeability of the reconstructed 3D 
microscale porous media and their REVs of the permeability are ana-
lysed (Section 2.4). The maximum permeability REV of the microscale 
porous media is applied as the cell length in the subsequent upscaling 

(Section 2.5). Then, flow simulation is carried out to estimate the 
permeability contribution of each microscale porous medium (Section 
2.6). In Section 3, two more rock samples are processed to further 
analyse the permeability contribution of the micropore structures in 
multiscale porous media. Finally, conclusions are provided in Section 4. 

2. Methodology 

2.1. Materials and workflow 

A high-resolution SEM image of a sandstone sample from a UK North 
Sea oil reservoir is used to demonstrate the proposed method for con-
venience. The demonstration image (see Fig. 1(a)) is downloaded from 
the Digital Rocks Portal (DRP), an open data repository online [55]. 
From Fig. 1, we can see that the rock sample presents a dual-porosity 
system consists of macropores and micropores. Macropores are mainly 
intergranular pores. The micropores consist of three categories: 1) sec-
ondary erosion pores occur in eroded feldspar grains (see Fig. 1 (c)); 2) 
original micropores of the rock fragment (see Fig. 1(d)); and 3) residual 
pores generated by the partly filling of the clay minerals such as 
kaolinite and silica [56,57] (see Fig. 1(e)). 

Due to the complexity of the demonstration rock sample, we first 
characterize the pore structure at a coarse scale by classifying the entire 
image into five phases, including macropore (Pma), grain (G), eroded 
feldspar (EF), rock fragment (RF), and clay ©. Then we characterize the 
micro porous structure that consists of micropores (Pmi) occurring in the 
three microscale porous media (EF, RF and C), separately (see Fig. 1). 
From Fig. 1, the demonstrated image presents two features: 1) eroded 
eldspar and rock fragment have apparent grain shape, but the shape of 
clay phase is constrained by the macropore where it is filled; 2) clay 
phase presents the largest porosity and pore size which is followed by 
eroded feldspar, rock fragment has a tightest porous structure. 

The goal of this study is to estimate the permeability contribution of 
the micropore structures in multiscale pore structures based on 2D SEM 
images. The main steps of this study include image-based rock typing, 
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Fig. 1. The demonstration SEM image with a resolution of 0.17 × 0.17 µm2/pixel and (a) is the full view of the demonstration image; (b) is the segmented SEM 
image, black is pore and white is solid; (c) to (e) are the detailed view of eroded feldspar, rock fragment, and clay, respectively. 
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2D to 3D porous media reconstruction, calculation of the permeability’s 
REV size of each micropore structure, upscaling and permeability 
contribution estimation of each micropore structure. The workflow of 
this study is briefly introduced as follows (see Fig. 2).  

(1) The image-based rock typing using random forest is carried out to 
classify the high-resolution SEM image, denoted by S (see Fig. 1 
(a)), into different rock types consisting of macropore, grain, 
eroded feldspar, rock fragment and clay (see Fig. 3(c–e)), where 
each rock type can be treated as a relative homogeneous porous 
structure. The grain is pure solid with a porosity of 0, and mac-
ropore is pure void with a porosity of 1. The rock typed image is 
denoted by Sr. In this step, the random forest algorithm is applied 
to classify the original image S into five rock types.  

(2) A 3D porous structure, denoted by Mm, is reconstructed by the 
MPS method based on the 2D training image (Srm). The training 
image Srm applied in this step is modified from the rock typed 
image Sr by merging the eroded feldspar and rock fragment to 
grain and treating clay phase to micropore. The final recon-
structed 3D macropore structure Mm contains two phases, 
including pore and solid.  

(3) Three 2D subsets (see Fig. 1(c) (d) (e)) are extracted from image S 
to be applied as training images to reconstruct three 3D porous 
structures of eroded feldspar, rock fragment and clay using MPS 
method. Then, the Lattice Boltzmann method is applied to 
calculate the permeability of these three micropore structures, 
and the calculated permeability is denoted as Kef, Krf and, Kc, 
respectively. Note that all LBM simulations applied in this study 
are completed by an opensource LBM solver, Palabos [58]. In 
addition, the representative volume element (REV) of the 
permeability of these three micropore structures is also calcu-
lated and denoted by REVef, REVrf and, REVc, respectively. The 
REV size of the permeability of a porous media is analysed by 
calculating the permeability of a randomly selected subset with a 

size of 20 × 20 × 20 voxels, and then regularly increase the size of 
the subset with a step of 20voxels in x, y, and z direction until the 
calculated permeability reaches steady [59]. The maximum one 
among REVef, REVrf, and REVc is selected as the cell size of the 
coarse-scale model in upscaling.  

(4) An upscaling process is carried out to map the reconstructed 3D 
macropore structure Mm from step (2) to a coarse grid system, 
denoted by G, whose cell length is determined by the maximum 
value of REVef, REVrf, and REVc obtained in step (3). Then a 
number of cells are selected from coarse grid G randomly and 
labelled as eroded feldspar, rock fragment and clay according 
their area fraction in the rock typed image (see Fig. 3(c)). Once a 
cell is labelled as eroded feldspar, rock fragment or clay, its cell 
attribution of permeability is correspondingly valued as Kef, Krf, 
or Kc. In coarse-scale view, each microporous medium is just a 
single grain or a macropore whose permeability REV is much 
smaller than that of macropore structures. Therefore, the 
permeability of all other cells except the cells labelled as eroded 
feldspar, rock fragment or clay in the G need to be calculated 
singly. Finally, a coarse grid system with attribution of perme-
ability is established.  

(5) In this step, the permeability contribution of eroded feldspar, 
rock fragment, and clay are estimated singly by comparing the 
permeability change before and after the assumption of the target 
micropore structure is 0. For example, the permeability of the G is 
KG, and the permeability decreasing to KG-ef when the perme-
ability of eroded feldspar is assumed as 0. Then the ratio of (KG- 
KG-ef)/ KG is applied to describe the permeability contribution of 
the erode feldspar. The permeability of coarse grid G is calculated 
by Darcy’s law and continuity equation. 

2.2. Rock typing using the random forest method 

Image-based Rock typing is carried out to categorise the 

SEM image Segmented image with
different rock types

Rock
typing using random forest

method

macro pores
(pure void space)

grains
(pure solid space)

eroded feldspar
(porous media)

rock fragment
(porous media)

clay
(porous media)

MPS MPS MPS

MPS
(EF, RF are treated as solid, Clay is

treated as pore)

3D macro pore structure

3D structure of
eroded feldspar

3D structure of
rock fragment

3D structure of
clay

LBM

REVef & Kef

Upscaling
(1) The size ofthe coarse grid cell is determined by the maximum value among the REVef, REVrf and REVc; (2) a
certain number of cells are selected randomly to be labelled as EF, RF and C according their corresponding area

fraction in 2D training image; (3) the permeability ofthe grid cells labelled as EF, RF and C are valued as Kef, Krf and
Kc, respectively; (4) the permeability of other grid cells are calculated by LBM one by one.

Coarse grid system

LBM LBM

REVrf & Krf REVc size & Kc

Analyzing the permeability contribution of each micropore structures
by comparing the permeability change before and after the assuming
the permeability ofthe target micropore structure is 0.

Fig. 2. Flowchart of multiscale pore structure characterization based on SEM image.  

Y. Wang and S. Sun                                                                                                                                                                                                                            



Fuel 289 (2021) 119915

5

demonstration image into five phases, including macropores, grains, 
erode feldspar, rock fragment, and clay. Each rock type can be treated as 
a relatively homogeneous porous medium (the porosity of macropores 
and grains are 1 and 0, respectively). In this study, the random forest 
algorithm [60,61] is applied to implement the multiphase rock typing. 

2.2.1. Random forest algorithm 
The random forest classification is undertaken by randomly 

combining a large number of decision trees. Once a new sample is im-
ported, all trees within the forest are used to classify the sample inde-
pendently and then label it as the class that tree belongs. In random 
forest, each tree is an independent classification scheme. A sample is a 
feature vector (e.g., porosity and average curvature) extracted from a 
neigbourhood centred by a given pixel of the target image. A class in this 
study is a kind of rock type (e.g., eroded feldspar, rock fragment, and 
clay) with unique image texture (e.g., porosity, pore geometry, and pore 
connectivity). To introduce the random forest algorithm, it is necessary 
to briefly introduce its fundamental element, the decision tree. 

The decision tree is characterized by a tree structure of a binary tree 
or multi-branch tree. Each non-leaf node presents a testing process of a 
given feature, the different branches of this non-leaf node denote the 
classification output of the corresponding feature, and the leaf-node 
store a class label. The point of building a decision tree is the selection 
of the features for each level to make the uncertainty of the non-leaf 
node decreases as far as possible. Assuming that we have a training 
dataset D with m samples (e.g., a structural feature vector of each pixel 
in image-based rock typing), n features (e.g., porosity and average 
curvature), and K classes (e.g., eroded feldspar, rock fragment, and 
clay). Any sample si (1 ≤ i ≤ m) can be presented as (x⇀,y)=(x1, x2, …, xn, 
y), where xj(1 ≤ j ≤ n) is the jth feature of the sample si, and y is the 
corresponding class label. If the frequency of the kth (1 ≤ k ≤ K) class is 
denoted by pk, a popular measurement of the uncertainty is information 
entropy, which is given by [62]: 

Ent(D) = −
∑K

k=1
pklog(pk) (1) 

Let Df (v) denotes a subset of training dataset D such for whose 
attribution f (f is one of a group of features which are applied to classify a 
pixel into a specific rock type) is equal to v, then the conditional entropy 
Ent(D, f) is given by [62]: 

Ent(D, f ) = −
∑

v∈vals(f )

p(Df (v))*Ent
(
Df (v)

)
(2)  

where p(Df (v)) denotes the frequency of the samples whose feature f 
equals to v count for the total number of samples in D. Eq. (2) is suitable 
for the situation that f is a discrete variable. If feature f is a continuous 
variable, a threshold t needs to be introduced to divide the training 
dataset D into two subsets, D+

t and D−
t , where D+

t is the subset of D 
consist of all samples satisfying f > t, and D−

t is D\D+
t . Then the condi-

tional entropy is given by [62]: 

Ent(D, f ) = min
t

Ent(D, f , t) = min
t
(−

∑

λ∈(− ,+)

p(Dλ
t )*Ent

(
Dλ

t

)
) (3) 

The threshold t is obtained by a greedy strategy in which all observed 
value of f in training datasets are sorted in descending or increasing 
order. Then the middle point of every two adjacent number is tried as 
threshold t to calculate the conditional entropy and select the t which 
result in minimum Ent(D, f) [63]. Then information gain that using 
feature f to split the set D is calculated as: 

Gain(D, f ) = Ent(D) − Ent(D, f ) (4) 

Information gain presents the decrement of the uncertainty of the 
dataset D when the information about feature f is known. When estab-
lishing the decision tree, we prefer to select the feature whose infor-
mation gain is largest. The strategy discussed before is the so-called ID3 

Fig. 3. Rock typing of the demonstration image using Random Forest Method and post process (Pma is macropore, G is grain, EF is eroded feldspar, RF is rock 
fragment, C is clay). 
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algorithm [64]. However, using information gain as a selection criterion 
has a disadvantage that the information gain prefers to choose the 
feature with high probability. Therefore, the C4.5 algorithm is proposed 
to deal with this drawback by using the information gain ratio replaces 
the information gain [63]. Information gain ratio is defined as: 

Gain ratio(D, f ) =
Gain(D, f )

IV(f )
,

where IV(f) = −
∑V

v=1

|Dv|

|D|
log

|Dv|

|D|

(5) 

However, the information gain ratio may result in the prefer to select 
the features with low probability. Therefore, in practice, we firstly select 
a group of features whose information gain is above the average value, 
and then among which select the one who has the largest information 
gain ratio. 

Besides information gain, Gini impurity is another universally 
applied to measure the impurity of a system. Gini index is the uncer-
tainty measurement used in classification and regression trees (CART), 
which has a close relationship with information entropy [65]. If we use 
1-pk, which is the first-order Taylor series expansion of the term -log(pk)

at pk = 1 to replace the -log(pk) in Eq. (1), the Gini index can be given by: 

Gini(D) = 1 −
∑K

k=1
pk

2 (6) 

Similar to information gain, conditional Gini index is given by: 

Gini(D, f ) = −
∑

v∈vals(f )

p(Df (v))*Gini
(
Df (v)

)
(7) 

The algorithm will repeatedly partition the data into smaller and 
smaller subsets until reach one of the following status: 1) all samples 
contained in the final subset belong to the same class; 2) all samples 
contained in the final subset have same attribution values; 3) no sample 
exists in the final subset. In situation (2), the current node will be labeled 
as leaf-node, and its class is labeled as its most popular class. In situation 
(3), the current node will be labeled as the leaf-node, and its class is 
labeled as the most popular class of its father node. 

To prevent the over-fitting problem, a cross-validation strategy is 
applied. The training dataset is divided into two groups, including a 
training subset and a validation subset. The training dataset is used to 
build the tree and the validation subset is used to test the accuracy of the 
generated decision tree. There are two kinds of pruning strategies, pre- 
pruning and post-pruning [66]. Pre-pruning involves stopping the tree 
before it has completed classifying the training data. Only the splitting 
that can decrease the cross-validation error of the decision tree will be 
accepted. Otherwise, stop the current splitting. Post-pruning is under-
taken by cutting back a tree after a tree has been established. From the 
highest level of the non-leaf node to the root node, every non-leaf node is 
cut or maintained depends on whether the remove of this node improves 
the prediction accuracy of the validation dataset. The pre-pruning is 
more efficient but may underfit by stopping too early, while post- 
pruning is more mathematically rigorous but more time-consuming 
[67]. 

Considering the status of a single tree is limited, the decision tree 
algorithm was extended to a random forest algorithm by establishing a 
‘forest’ consisting of many trees [68]. The final decision is made by 
considering the output of all trees rather than a single tree applied in the 
decision tree algorithm. As a supervised machine learning algorithm, the 
random forest method can be carried out via two steps, training and 
prediction. The main procedures of random forest can be described as 
[61]:  

(1) Establishing a set of decision trees by randomly select i (i ≤ m) 
specimens with j (j ≤ n) features;  

(2) repeat step (1) to generate a given number of trees;  

(3) using the majority vote mechanism to make a prediction. 

2.2.2. Rock typing and post-process 
As discussed before, the random forest algorithm consists of two 

steps, training the model and forecast [60,61]. The model training 
process further contains three key points: the selection of features, cat-
egorizing the training dataset, and the establishment of the random 
forest. 

In this study, we use the random forest package provided by ilastik to 
realize the rock typing. The ilastik provides three categorizes of image 
features, including noise filters (e.g., Gaussian blur [69]), edge detector 
(e.g., Laplacian of Gaussian [70], Gaussian Gradient Magnitude [71] 
and Difference of Gaussian [72]), and texture detectors (e.g., Structure 
Tensor Eigenvalues [73] and Hessian of Gaussian Eigenvalues [74,75]). 

Fig. 3(a) presents the rock typing output of the demonstration image 
S and Fig. 3(b) is a local view extracted from Fig. 3(a) labeled by the 
yellow box. From Fig. 3(a), and (b), we can see that the random forest 
algorithm effectively classified the target image into five phases con-
sisting of macro-pore (Pma), grains (G), erode feldspar (EF), rock frag-
ment (RF) and clay (C). Still, some particles generated by the 
misclassification are also widely spread in the classified image. To solve 
this problem, a post-process is applied through removing the isolated 
small objects. The threshold used to define the small isolated objects is 
selected empirically as 5000 pixels. The post-processed image is 
demonstrated in Fig. 3(c), and Fig. 3(d) is a local view of Fig. 3(c) 
labeled by the yellow box. 

2.3. 3D porous structure reconstruction 

In this section, the 3D porous structures of macropore structures, 
eroded feldspar, rock fragment, and clay are reconstructed based on the 
2D images using the Multiple point statistics (MPS) method [52]. In the 
beginning, we briefly introduce the MPS reconstruction method. 

The MPS method can be explained under the frame of the Markov 
Chain Monte Carlo (MCMC) algorithm with an assumption that the 
probability of the phase (e.g., pore and solid) of a given voxel is a 
function of the configuration of the phase distribution within a specific 
neighborhood [76–79]. A Markov random chain can be described as 
[80]: 

P(z(rx
⇀
)|z(r1

⇀
), z(r2

⇀
),⋯, z(rn

⇀
) ) = P(z(rx

⇀
)|z(Nx) ) (8) 

In Eq. (8), rx
⇀ is any given voxel of the reconstruction grid system (G) 

with n voxels, z(rx
⇀
) (1)≤ x ≤ n is a discrete random variable that de-

notes the phase of the voxel rx
⇀ (e.g., z(rx

⇀
) ∈ {pore, solid} in a two-phase 

system consists of pore and solid). P(z(rx
⇀
))denotes the probability of the 

voxel rx
⇀ has a phase of z(rx

⇀
). We use N to present a deleted neighbor-

hood with a given size and shape, and Nx denotes the deleted neigh-
borhood of the voxel rx

⇀ . z(Nx) defines a special configuration of the Nx, 
which is also known as the pattern in some literature. 

As a supervised machine learning algorithm, the conditional proba-
bility P(z(rx

⇀
)|z(Nx) ) is obtained from one or more training image(s). In 

this study, the training images are 2D segmented images presented in 
Fig. 4. It is not easy to define the proper size of the neighborhood in the 
MPS method. In general, a larger neighborhood might bring us a better 
reconstruction performance. In practical, however, it is infeasible to 
choose a relatively large neighborhood due to the limitation of 
computation price. Considering that a small neighborhood may be 
insufficient to describe the heterogeneity of the porous structure, espe-
cially some large pores, a multigrid strategy is applied to balance the 
computation and accuracy. The basic idea of multigrid strategy is using 
the down-sampled large neighborhood to capture the coarse-scale 
structure, and using the dense small neighborhood to capture the fine- 
scale details. The multigrid strategy skillfully relieves the contradic-
tion between computation and accuracy. 
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In MPS reconstruction, the P(z(rx
⇀
)|z(Nx) ) is calculated by [52]: 

P(z(rx
⇀
) = zi|z(Nx) ) = #(zi|zt(Nx))/#(zt(Nx)) (9) 

In Eq. (9), zi denotes the phase of the target voxel in G, zt(Nx) denotes 
the pattern occurs at the neighborhood of the target voxel rx

⇀ , then 
P(z(rx

⇀
) = zi|z(Nx) ) is the conditional probability of the target voxel has a 

phase of when its neighbuorhood defined by N has a configuration of 
z(Nx). #(zt(Nx) is the number of neighborhoods has the same configu-
rations with z(Nx) in training image (T), and #(zi|zt(Nx)) is the number 
of observations that have the same configurations with z(Nx) in training 
image (T), and their center voxel phase is zi. Due to the limitation of the 
size of the training image, it is hard to guarantee that all possible con-
figurations have a sufficient number of replicas that can be found when 
scanning the training image. Therefore, a special data structure, the 
search tree, is proposed to solve this problem. The search tree is a 
concession strategy by which the training image is scanned once and 
records all observed configurations. If an observed configuration is 
observed less than a threshold number of times, we regularly remove 
some voxels in this neighborhood to make it is easier to capture more 
satisfied replicas until the number of replicas reaches the threshold 
number. Then in the reconstruction process, we need to retrieve the 
search tree to obtain the corresponding P(z(rx

⇀
)|z(Nx) ), and select a 

phase randomly according to P(z(rx
⇀
)|z(Nx) ). 

Fig. 4 illustrates the 2D training images of the macro porous struc-
ture, eroded feldspar, rock fragment, clay, and their corresponding 
reconstructed 3D porous structures. Note that the resolution of the 
image of the macropore structure (Fig. 4(e)) is 0.68 × 0.68 × 0.68 µm3/ 
voxel, and the resolution of the images of the micro porous media 
(eroded feldspar, rock fragment, and clay) is 0.17 × 0.17 × 0.17 µm3/ 
voxel (see Fig. 4(f) to (h)). A multigrid grid strategy is applied in this 
study to balance the accuracy and the CPU cost. In this paper, a 16 
isotropic neighborhood template is used, and the multigrid level is set as 
3. For more details, refer to [10]. 

2.4. REV of permeability of micropore structures 

A qualified image has to satisfy both the resolution and field of view. 
On the one hand, the inner structure of an eroded feldspar needs to be 
observed. On the other hand, the field of view should be large enough to 

grantee the heterogeneity of the sample is covered. However, the re-
quirements of high resolution and large field of view always result in 
billions of voxels in the 3D image and further make it obviously infea-
sible to run flow simulation directly in such a large porous structure. 
Hence, upscaling is a necessary part of the current flow simulation in the 
multiscale porous media, and the first key parameter of upscaling is the 
cell size of the coarse grid. 

Fig. 5 illustrates the subsampling scheme for REV analyse. To 
determine the REV size of the permeability of the micropore structures, 
we calculate the permeability of a 20 × 20 × 20 voxels cube subset start 
from the original point of the target 3D image, and then regularly in-
crease the size of this subset with a step of 20 voxels in x, y and z di-
rection until the calculated permeability reaches steady [59]. The 
stabilization block size length of eroded feldspar, rock fragment, and 
clay are 120voxels, 140voxels and 120 voxels, respectively. Therefore, 
the cell size of the coarse grid system is set as 140voxels. Because the 
resolution of the reconstructed 3D micropore structure is 0.17 × 0.17 ×
0.17 µm3/voxel, the real length of cell size is 23.8 µm. The permeability 
of each porous media in ×, y, and z directions is denoted by Kx, Ky, and 
Kz, respectively. The permeability vector, [Kx, Ky, Kz] of eroded feldspar, 
rock fragment and clay are calculated as [43.7mD, 37.8mD, 35.7mD], 
[13.5mD, 13.6mD, 15mD], and [105.5mD, 97.7mD, 97mD]. 

2.5. Upscaling 

Upscaling is carried out through three steps as follows.  

(1) The reconstructed 3D macropore structure, Mm (see Fig. 4(e)), is 
re-meshed with a cell size of 23.8 µm where every cell contains 
35 × 35 × 35 voxels due to the resolution of the macropore 
structure is 0.68 × 0.68 × 0.68 µm3/voxel. Note that the porous 
structure presented in Fig. 4(e) has a voxel size of 700 × 700 ×
700 voxels. Therefore, the upscaled image, G, has a size of 20 ×
20 × 20 cells.  

(2) A certain number of cells of G are selected randomly and labelled 
as eroded feldspar, rock fragment, and clay, respectively, ac-
cording the area fraction of these three phases in the 2D rock 
typed image (see Fig. 3(c)). Because the area fraction of eroded 
feldspar, rock fragment, and clay in Fig. 3(c) are 4.87%,3.52%, 
and 6.79%, the grid number of these three phases allocated in the 
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Fig. 4. 3D porous structure reconstruction based on 2D image using MPS method, (a) to (d) are segmented 2D SEM images of macro pore structure, eroded feldspar, 
rock fragment and clay, which are used as training images; (e) to (h) are the reconstructed 3D porous structure corresponding to (a) to (d). 
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upscaled image, G are 390, 282, and 543, respectively. Now, 
there are four types of cells in G, macropore structure, eroded 
feldspar, rock fragment and clay.  

(3) The cells of G labelled as eroded feldspar, rock fragment, and clay 
will be assigned a permeability of [43.7mD, 37.8mD, 35.7mD], 
[13.5mD, 13.6mD, 15mD] and [105.5mD, 97.7mD, 97mD] 
respectively. Then the permeability of every single cell of mac-
ropore structure needs to be calculated separately using LBM 
singly (see Fig. 6). 

2.6. Permeability calculation 

Based on the coarse grid G, the permeability of the entire sample is 
estimated using Darcy’s Law: 

u⇀ = −
K
μ ∇p (10)  

and conservation law: 

∇∙u⇀ = 0 (11)  

where u⇀ (m/s) is the velocity, ∇p (Pa/m) is the gradient of the pressure, 
K (m2) is the permeability tensor which has been stored in Kx, Ky, and Kz 
(see Fig. 6), and μ (Pa⋅s) is the dynamic viscosity. The pressure of inlet 
end and outlet end are 130,000 Pa and 100,000 Pa, respectively. All 
surfaces except the inlet and outlet surfaces are treated as impermeable. 

The calculated permeability of G is [427.5mD, 441.7mD, 438.6mD]. 
During the MPS reconstruction of the 3D macropore structure, a single 
2D training image is shared in the reconstruction of XY, YZ, and XZ 
planes, which results in a relatively isotropic reconstructed model. 

Therefore, the permeability of the reconstructed 3D model presents 
similar permeability in x, y, and z direction. The laboratory measured 
permeability is 557mD [81], but it is impractical to identify the measure 
direction of the permeability. Therefore, we compare the laboratory- 
measured permeability with the average of the calculated Kx, Ky, and 
Kz. The average of the calculated Kx, Ky, and Kz is 435.9mD, which 
agrees well with the laboratory-measured permeability. 

Then, we successively assume the permeability of eroded feldspar, 
rock fragment, and clay as 0, and calculate the permeability of the entire 
sample. First, the permeability of all cells labelled as eroded feldspar is 
set as [0.001mD, 0.001mD, 0.001mD], and other cells remain un-
changed. The calculated permeability is [418.5mD, 436.9mD, 
434.2mD]. Similarly, the permeability of rock fragment and clay are 
successively assigned as [0.001mD, 0.001mD, 0.001mD], then the 
calculated permeability are [427.5mD, 438.1mD, 437.3mD] and 
[412.6mD, 429.3mD, 431.2mD]. If all three kinds of micropore struc-
tures are assumed as impermeable, the total permeability of the target 
sample is [411.2mD, 427.7mD, 428.3mD]. Then the permeability 
contribution of the micropore structures of eroded feldspar, rock frag-
ment, and clay are 1.38%, 0.37%, and 2.64%. The permeability 
contribution of all micropore structures is 3.1%. Therefore, the perme-
ability contribution of the micropore structures in the demonstrated 
sample is neglectable. This is because the micropore structures just ac-
count for 4.39% of the entire rock sample. In addition, the macropore 
network occurs very well, which contributes a proportion of 96.9% of 
the fluid transportation. 

3. Results and discussion 

The permeability contribution of micropore structures vary 

Fig. 5. Schematic of subsampling schemes for REV analyses (left) and permeability vs. block side length plots of feldspar, rock fragment, and clay (right).  

Fig. 6. Permeability distribution of the coarse grid and (a), (b), (c) are Kx, Ky, and Kz, respectively.  
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significantly from sample to sample. Two more samples, denoted by NS1 
and NS2, downloaded from the Digital Rocks Portal (DRP) are processed 
to analyse the permeability contribution of microscale porous structure 
in multiscale porous media. From Figs. 7 and 8, we can see that both of 
these two rock samples present a dual-porosity system consists of mac-
ropores and micropores. Similar to the demonstration SEM image 
applied previously, in these two sandstone samples, macropores are 
mainly intergranular pores, but the micropores are mainly from residual 
pores that are partly filled by the clay minerals such as kaolinite and 
silica. 

The SEM image of sandstone sample NS1 was firstly segmented as 
three rock types consisting of macropore, clay, and grain. The area 
fractions of macropore, clay, and grain are 4.36%, 18.48%, and 77.16%, 
respectively. We can see that the area fraction of clay is much higher 
than that of macropore. Then a 400 × 400 × 400voxels 3D model of clay 
is established using the MPS method with a resolution of 0.17 × 0.17 ×
0.17 µm3/voxel. The permeability of the reconstructed micropore 
structure of clay is [89.7mD, 77.3mD, 83.4mD], and the REV size of the 
permeability of clay is 20.4 µm. Then a 600 × 600 × 600voxels 3D image 
of the macropore structure is generated with a resolution of 0.68 × 0.68 
× 0.68 µm3/voxel. Note that during the reconstruction of the macropore 
structure, clay is treated as grain. The reconstructed 3D macropore 
structure is coarsened by a cell size of 20.4 × 20.4 × 20.4 µm3 where 
each cell contains 30 × 30 × 30voxels. After that, 1479 cells are 
randomly labelled as clay cells and assigned a permeability [89.7mD, 
77.3mD, 83.4mD]. Because the macropore phase in this sample is very 
low, there is a high probability that some cells may have no percolated 
path along a given direction. Therefore, once there is no connected path 
checked alone a direction in the cell, its corresponding permeability is 
set as 0.001mD. Otherwise, the permeability of the cell is calculated by 
LBM. The calculated permeability of the final model is [33.1mD, 
36.7mD, 35.9mD]. The average permeability of Kx, Ky, and Kz is 
35.23mD, which is very close to that of laboratory-measured value, 
44.5mD [81]. Because there is no connected macropore network 
through the macroscale porous media, thus the permeability of the 
entire sample will be 0 in x, y, and z direction if the clay is considered as 
impermeable. Therefore, the permeability contribution of the micropore 

structure of NS1 sample is 100%. Micropore structure has a volume 
proportion of 18.14% in the sample NS1. Nearly 80.6% macropores of 
the sample NS1 are filled with clay minerals. There is even no connected 
path singly provided by macropores in NS1, and the micropore structure 
totally domain the fluid transportation of the rock sample. 

The area fractions of macropore, clay and grain of NS2 are 10.54%, 
15.63%, and 73.82%, respectively (see Fig. 8(b)). We can see that the 
area fraction of clay is much higher than that of macropore. Then a 400 
× 400 × 400 voxels 3D model of clay is established using the MPS 
method with a resolution of 0.17 × 0.17 × 0.17 µm3/voxel. The 
permeability of the reconstructed micropore structure of clay is 
[16.6mD, 21.3mD, 18.5mD] and the REV size of the permeability of clay 
is 23.8 µm. Then a 700 × 700 × 700 voxels 3D image of the macropore 
structure is established with a resolution of 0.68 × 0.68 × 0.68 µm3/ 
voxel. Similar to the process of NS1, clay is also treated as grain. The 
reconstructed 3D macropore structure is coarsened by a cell size of 23.8 
× 23.8 × 23.8 µm3 where each cell contains 35 × 35 × 35voxels. After 
that, 1250 cells are randomly labelled as clay cells and assigned a 
permeability [16.6mD, 21.3mD, 18.5mD]. The permeability of other 
cells is calculated by LBM. The calculated permeability of the final 
model is [13.7mD, 17.8mD, 14.5mD]. The average permeability of Kx, 
Ky, and Kz is 15.3mD, which agrees well with that of laboratory- 
measured value, 23mD [81]. The permeability of the sample decreases 
to [10.2mD, 11.3mD, 9.8mD] if we assume the permeability of the 
micropore structure is 0. Therefore, the permeability contribution of the 
micropore structure of the NS2 sample is 31.6%. The permeability 
contribution of micropore structure of NS2 presents a case that both the 
macropore network and micropore network contribute to fluid trans-
portation in the multiscale porous media. Different from the sample 
NS1, the content of the macropore is very low. The macropore content of 
NS2 is 10.54%, which provides main permeability. The micropore 
structure, to some extent, improves the permeability of the NS2 sample. 

4. Conclusion 

This paper proposes a multiscale pore structure characterization 
method based on high-resolution SEM images to quantitatively analyse 
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Fig. 7. The illustration of a North Sea sandstone sample (NS1) with a resolution of 0.17 × 0.17 µm2/pixel and (a) is the full view of the SEM image; (b) is the image 
after rock typing, black is macropore, gray is clay (micropore structure) and white is the grain; (c) and (e) are the detailed view of two pores filled with clay. 
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the content of different micropore structures and further estimate the 
permeability contribution of these micropore structures. From this 
study, two conclusions can be summarized as follow:  

(1) Random forest rock typing method can be used to classify the 
heterogeneous porous structure into different rock types in terms 
of pore network textures effectively. Then, the content and spatial 
distribution of each micropore structure can be analysed.  

(2) From the three demonstrated samples in this study, we can see 
that the permeability contribution of a micropore structure in a 
multiscale porous medium varies from 0 to 100%, which highly 
depends on the content of this micropore medium and the 
permeability of the macropore structure. 
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