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a b s t r a c t

Digital rock physics (DRP) is a paramount technology to improve the economic benefits of oil and gas
fields, devise more scientific oil and gas field development plans, and create digital oil and gas fields.
Currently, a significant gap is present between DRP theory and practical applications. Conventional
digital-core construction focuses only on simple cores, and the recognition and segmentation effect of
fractures and pores of complex cores is poor. The identification of rock minerals is inaccurate, which
leads to the difference between the digital and actual cores. To promote the application of DRP in
developing oil and gas fields, based on the high-precision X-ray computed tomography scanning tech-
nology, the U-Net deep learning model of the full convolution neural network is used to segment the
pores, fractures, and matrix from the complex rock core with natural fractures innovatively. Simulta-
neously, the distribution of rock minerals is divided, and the distribution of rock conditions is corrected
by X-ray diffraction. A poreefracture network model is established based on the equivalent radius, which
lays the foundation for fluid seepage simulation. Finally, the accuracy of the established a digital core is
verified by the porosity measured via nuclear magnetic resonance technology, which is of great signif-
icance to the development and application of DRP in oil and gas fields.
© 2021 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd. This
is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/

4.0/).
1. Introduction

Efficient development of oil and gas fields is inseparable from
scientific and reasonable development plan design. The develop-
ment plan is mainly based on the experimental evaluation results
of oil and gas reservoir rocks, such as rock porosity, permeability,
water saturation, mineral type and contents (Shirangi and
Durlofsky, 2015). The acquisition of reservoir rock is a very diffi-
cult process, which is often buried thousands of meters below.
Generally, it is obtained in the process of drilling. This often leads to
two major problems. First, the drilling process is very destructive,
and some rocks with strong brittleness and weak mineral bond
strength will be broken. Second, the same well can only drill rocks
once at any depth, and the number of rocks drilled is small, and the
number of rocks with the same lithology is less. The destruction of
rock and the small amount of rock will seriously restrict the effect
y Elsevier B.V. on behalf of KeAi Co
of laboratory evaluation experiment. When comparing the damage
of different fracturing fluids to rocks, inaccurate experimental re-
sults are often obtained because of the different physical properties
of rocks. When evaluating the acidizing effect of different acid, the
difference in rock mineral compositions will significantly influence
the acidizing effect. On the other hand, there are various types of
laboratory evaluation experiments for rocks, and the number of
experiments is huge. To obtain excellent evaluation results, the
number of rocks is often inadequate. For some unconventional low
permeability reservoir rocks, the experimental evaluation is more
difficult. Sometimes a set of fracturing fluid damage tests can take
an entire day, and a set of long-term conductivity tests can take
several months, which is extremely inefficient. Based on these
problems, the conventional physical evaluation technology is un-
able to develop the oil and gas field to meet higher efficiency. With
the rapid development of digital science and technology, digital
rock physics (DRP) technology has been widely discussed by re-
searchers in the field of oil and gas field development (Al-Marzouqi
and Hasan, 2018), and is also the key direction for oil and gas field
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development workers. DRP can have the following properties. (1)
Fast calculation speed and low cost: once the three-dimensional
(3D) digital core is established, it can be reused, and the data of
conventional and special petrophysical experiments can be ob-
tained much faster than in the laboratory. (2) Flexible selection of
test samples: conventional laboratory analysis requires high-
quality plunger rock samples, and digital core technology can
perform 3D digital core construction and numerical simulation
analysis on almost all rock samples, such as cuttings, loose sand-
stone, old core, damaged core, and sidewall coring; DRP experi-
ments can be used to replace conventional petrophysical
experiments to a certain extent. (3) Strong controllability: DRP can
adjust the microparameters of the 3D digital core as desired, and
DRP experiments are helpful to understand the influence of rock
microparameters on reservoir macro physical properties. (4) Green
environmental protection: DRP does not need to use chemical re-
agents harmful to the environment. At present, there is a big dif-
ference between the theoretical research and practical applications
of DRP. The main problem is that the internal structure of rocks is
complex, the shape of rock particles is diverse, and the identifica-
tion accuracy of rock fractures and matrix is low. Therefore, it is
difficult to build the same seepage channel as the real rock, and the
actual evaluation effect cannot be obtained, which seriously re-
stricts the large-scale application of DRP. Once it can be applied on a
large scale and efficiently, it will provide significant help to global
oil and gas production. This study focuses on the high-precision
identification of rock fractures and lays the foundation for con-
structing high-precision DRP.

Fracture recognition of DRP belongs to the image segmentation
category. From the 1960s until deep learning (DL) became widely
used in the imaging field, researchers have proposed thousands of
methods for image segmentation, such as threshold-, edge-, region-
, graph theory-, clustering-, and fuzzy theory-based methods
(Forkert et al., 2013; Saad et al., 2011; Stadlbauer et al., 2004; Zhao
et al., 2014) as well as other methods combined with specific the-
ories and tools. However, most of these methods use the medium-
and low-order visual information of image pixels, such as color,
texture, shape, roughness, directivity, and compactness correla-
tions. These methods have good segmentation ability for specific
background, but the performance in more complex tasks is unsat-
isfactory. Therefore, no universally applicable segmentation tech-
nology has been proposed at present, and it is often necessary to
combine the prior knowledge of relevant fields to carry out effec-
tive segmentation.

Knackstedt et al. (2009) used 3D X-ray microscopic imaging
technology to analyze the pore structure and physical properties of
carbonate rocks; this technology is an advanced and scientific core
analysis technology different from conventional methods for
analyzing the pore and grain structure of rock materials (e.g.,
mercury injection, sieving, and petrochemical thin section). The
carbonate rocks in this paper have no fractures, and it is not difficult
to see that the simplest threshold segmentation method is used in
matrix segmentation. Claudio et al. (2012) discussed the relation-
ship between rock elastic characteristics and rock mineral
composition when studying rock elastic characteristics. In this
study, the recognition of minerals is based on the naked eye and
personal experience. Saenger et al. (2011) discussed the influence of
rock elasticity and fluid viscosity. After using the threshold seg-
mentation method to identify pores and matrix, some invalid in-
dependent pores were manually removed. The study could reduce
the complexity of DRP, but the processing time was very long and
efficiency was low. Andra et al. (2013) used a Fontainebleau sand-
stone sample (porosity 0.147), a grayscale Berea sample and a
grayscale Grosmont carbonate sample to segment the pores and
matrix independently. Based on the threshold segmentation
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method, the gray value of each part is used for threshold seg-
mentation after computed tomography (CT) scanning, which has
great uncertainty and is difficult to segment pores and micro-
fractures effectively. Saxena et al. (2018) proposed the construction
of digital petrophysics with low-resolution CT scanning technology
and the seepage simulation. It was found that at least 10 voxels
were needed to fully simulate the seepage of single-phase flow in
the pore throat, and low-resolution CT scanning technology would
be gradually abandoned in future research. In addition, they used
the best threshold segmentation method in the recognition of
matrix and pores, which is not the best choice. We will discuss this
problem later. Kelly et al. (2016) used the threshold segmentation
method based on cluster analysis to divide the gray value of FIB-
SEM scanning in the target rock slice into six categories as well as
obtained pore, matrix, and other attributes, respectively, which
improved the accuracy of threshold classification to a certain
extent, but in essence, the segmentation effect was still unideal,
and the segmentation effect of pores and microfractures was poor,
most of the time, microfractures are wrongly classified as pores. Al-
Marzouqi and Hasan (2018) reported that the threshold segmen-
tation algorithm of global pixels was unconducive to the segmen-
tation of some regions with uneven gray distribution, and 3D
hierarchical segmentation algorithms that analyze the spatial dis-
tribution of gray were better methods for image segmentation.

In summary, pore and fracture segmentation of DRP is based on
the conventional threshold segmentation method, and the seg-
mentation effect is poor. However, in the field of medicine, artificial
intelligence, and so on, DL technology has been used to achieve
image semantic segmentation, such as the recognition of brain
tumors and osteoporosis, which are high-precision tasks. In 2014,
the first full convolution network (FCN) for image segmentation
was proposed (Long et al., 2015). In 2015, the U-Net FCN image
segmentation technology championed the International Sympo-
sium on Biomedical Imaging (ISBI) cell tracking challenge. The fast
and high efficiency of image segmentation of this technology has
attracted significant research attention (Ronneberger et al., 2015).
This technology inspired the construction of digital-physical rock
pore and fracture structures, which can realize high-precision
identification of fractures and pores and separate them from the
matrix. In addition, through DL, the technology can distinguish
microcracks and cracks that are fuzzy to the naked eye from pores,
which solves the difficulty of manual segmentation. This technol-
ogy improves the theoretical basis for efficient and high-precision
construction of digital-physical rock; in this study, we investigate
the fracture identification technology based on DL.

2. X-ray

X-ray CT scanning and digital core analysis are increasingly used
to calculate porosity and permeability from millimeter to centi-
meter scales in geosciences. The first step of establishing DRP is to
obtain the internal structure of the core using X-ray CT scanning
technology (Karimpouli et al., 2019). DRP can characterize the
microstructure of rocks on the pore scale and quantitatively study
the relationship between rock physical parameters and properties.
Dvorkin et al. (2009) and Kuntz et al. (2000) employed DRP to study
physical properties of cores, including acoustic properties, electrical
properties, nuclear magnetic resonance (NMR) relaxation, and
permeability. With the improvement of the accuracy of CT scanning
technology and the acceleration of industrialization, DRP has
developed rapidly, making it possible to clearly capture and visu-
alize the 3D pore geometry of reservoir rock (Kalam et al., 2013;
Riepe et al., 2011). The higher the accuracy of CT scanning the
smaller is the resolution, and the more accurate is the rock
microstructure displayed via filtered back projection (FBP) (Arns



J. Kang, N.-Y. Li, L.-Q. Zhao et al. Petroleum Science 19 (2022) 651e662
et al., 2002). Through a series of image processing methods such as
filtering to eliminate noise signal and image segmentation, we can
perform digital processing of rocks, realize a digitization of pore
structures, fracture structures, and matrix, as well as integrate fluid
flow characteristics and other rock characteristics, such as elastic
modulus, formation resistivity, and relative permeability (Saenger
et al., 2004; Schembre et al., 2003; Taud et al., 2005). Andra et al.
(2013) discussed the segmentation of gray value of CT scanning
results in detail, and compared the segmentation effect of four
types of rock samples. In addition, the uncertainty of image seg-
mentation was discussed, which showed the weakness and low
efficiency of conventional segmentation methods in the face of a
strong heterogeneous core. For establishing digital cores, image
segmentation, that is, the segmentation of holes, fractures, and
matrix, is crucial. At present, DL technology, as a global research
hotspot, can intelligently analyze the internal laws of data, and is an
important tool to solve the problem of core CT scan image seg-
mentation. This technology is the general trend.

In this study, a micro XCT-400 instrument was used to scan
cores. The rock samples were obtained from the oil reservoir. They
were dense, heterogeneous, and had complex natural fractures
(Fig. 1).

As the main target of this study is natural fractures, which are
large in scale, the scanning resolution is 10 mm, and the scanning
results of some rock samples were intercepted for subsequent
processing. After CT scanning, the common FBP method was used
to perform the digital reconstruction of 3D cores and the recon-
struction results are shown in Fig. 2.

From the scanning results, the core contained large natural
fractures and some secondary fractures. Overall, the fracture
morphology is more complex, which is a good research target for
fracture identification and extraction technology. The DRP recon-
structed by the FBP method will inevitably produce noise signal,
which hinders the accurate identification of fractures. Therefore, it
is necessary to eliminate the noise, which is a crucial part of digital
core preprocessing.

3. Noise elimination

There are three main sources of noise in CT scanning. (1)
Quantum noise: this is a kind of readout noise in the experimental
observation, which is distributed by Poisson. When the number of
Fig. 1. Core acquis
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X-ray photons in the observation is less than that of the number of
observable statistical fluctuations in the data readout on the de-
tector, the statistical fluctuation of this kind of readout is called
quantum noise. It is the main noise in low-dose CT. (2) The noise
introduced by the inherent limitation of a CT hardware system: this
mainly includes the electronic noise in photodiodes, the noise of
the point noise introduced in the data acquisition system, and the
noise of X-ray scattering. Such noise cannot be avoided and is un-
affected by human control and can be reduced by improving the
hardware system, but it cannot be eliminated. (3) The noise intro-
duced in the reconstruction of CT images: in this study, the first two
noises will not be considered; instead, this third noise signal will be
reduced to optimize the quality of digital cores while keeping the
details of cores as much as possible. There are many methods to
eliminate noise at present, such as bilateral, box, Gaussian, me-
dium, nonlocal means, and anisotropic diffusion filters. The digital
core noise elimination will be shown with a section of the core, as
shown in Fig. 3.

The six filtering effects are good mainly due to the low
complexity of the gray image, low color contrast of each part, and
smooth gray change. Therefore, filtering algorithms with good
detail retention have good advantages in DRP. In fact, the physical
properties of rocks dfractures and pore sizesd and the distribu-
tion of mineral composition are all spatially related, whether in
cores or strata. Sometimes, the parts that are not directly connected
will show the same attributes. The filter can show a strong
advantage, it considers the correlation between core gray and
geometric structure similarity, has a strong advantage and potential
for digital core noise elimination. Finally, the nonlocal means filter
method is adopted in this study. The conventional identification
technology determines an optimal threshold segmentation point,
and then the matrix and pore are segmented. At this time, the
fracture is determined as a pore. Alternatively, two threshold seg-
mentation points are determined to segment matrix, pore, and
fracture.

4. Conventional segmentation technology

Conventional image semantic segmentation mainly includes
threshold segmentation, clustering analysis, and boundary detec-
tion methods. At present, research on fracture identification is very
few, and most of the research still uses threshold segmentation for
ition process.



Fig. 2. Results of digital core reconstruction by FBP after CT scanning.

Fig. 3. Noise elimination of digital core.
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pore identification. The conventional identification method focuses
on determining 1e2 optimal threshold segmentation points to
segment matrix, pore, and fracture. The maximum interclass vari-
ance method is an excellent method in threshold segmentation,
which has the advantages of a simple algorithm, stable
654
performance, and low calculation complexity. Next, the disadvan-
tages of conventional threshold segmentation technology are
described on the basis of its algorithm. The interclass variance of an
image is as follows:



J. Kang, N.-Y. Li, L.-Q. Zhao et al. Petroleum Science 19 (2022) 651e662
gðtÞ¼u1ðgray1 � grayÞ2 þ u2ðgray2 � grayÞ2 (1)

with

gray¼u1 � gray1 þu2 � gray2 (2)

where u1 is the proportion of the number of background group
pixels in the entire image; u2 is the proportion of the number of
pixels in the target group in the entire image; gray1 is the back-
ground group average gray; gray2 is the average gray level of the
target group.

When the variance between classes is the largest, the corre-
sponding gray value is the best segmentation threshold. This
method is widely used and is the most classic method of global
binarization. The segmentation effect of conventional threshold
segmentation method is shown in Table 1.

It is not difficult to see that the conventional threshold seg-
mentation method is unsuitable for core segmentation with strong
Table 1
Segmentation effect of conventional threshold segmentation method.
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heterogeneity.When the gray threshold is set to 70, the fracture can
be best segmented, but a large number of pores and even part of the
matrix will be wrongly determined as fractures, belonging to
serious over-segmentation, which is atrocious for the subsequent
establishment of a pore model. The wrong flow path will be
established. Even when the interclass variance is maximum, most
fractures can be identified, but a large number of pores are
mistakenly identified as fractures. This is the biggest drawback of
the conventional pore recognition technology for fracture recog-
nition; it is difficult to accurately segment fractures. In addition, in
the place of low gray contrast, the continuous fractures with spatial
correlation will be recognized as a large number of independent
pores. For instance, when the variance between classes is the
largest, that is, when the gray threshold is 62 (the part coiled up by
the red box) continuous fractures are identified as a large number
of independent pores. This is also a factor that seriously restricts the
application and development of digital core in the oilfield. Next, we
focus on solving this problem using DL.
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5. DL technique

The semantic segmentation method of image based on DL is
divided into two parts: region-based semantic segmentation and
pixel classification-based image semantic segmentation methods.
The DL technology is based on U-Net FCN image segmentation
technology. The reasons for this technology are as follows. (1) Core
image semantics is simple, fracture and pore structures are rela-
tively fixed, skip connection and the U-shaped structure of the U-
Net model are excellent for advanced semantic information and
low-level feature processing. (2) The U-Netmodel is suitable for the
reservoir with toomuch data, such as the ultradeep unconventional
reservoir or reservoir whose core is difficult to be drilled
completely. (3) The U-Net model has a good segmentation of core
matrix, pore, and fracture; therefore, it can be used to establish core
matrix, pore and fracture network model for accurate simulation of
flow, which has important significance.

The U-Net model is in full convolution form, without a full
connection layer (that is, there is no fixed graph size), so it is easy to
adapt to many input sizes, but not all sizes can be determined ac-
cording to the network structure. In U-Net, pooling is 2 � 2 and is a
valid policy, that is, there is no padding. Therefore, it is necessary to
ensure that the input image has an even side length when it passes
through the pooling every time. So, special attention should be paid
to the size of the input image. A better method is to start from the
minimum resolution (the resolution is the size of the feature map)
and calculate toward the shrinkage path to realize the size of the
input image (see Fig. 4).

U-Net uses the loss function with boundary weight:

E¼
X
Х2U

uðХ Þlog
�
plðХ ÞðХ Þ

�
(3)
Fig. 4. U-Net architecture (example for 32 � 32 pixels in the lowest resolution). Each blue b
top of the box. The xey-size is provided at the lower-left edge of the box. White boxes represe
2015).
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with

uðХ Þ¼ucðХ Þþu0,exp

 
� ðd1ðХ Þ þ d2ðХ ÞÞ2

2s2

!
(4)

pkðХ Þ¼
expðakðХ ÞÞPK

k0¼1expðak0 ðХ ÞÞ
(5)

where l is the label value of the pixel; u is theweight of the pixel; d1
is the distance from a pixel point to the nearest fracture or pore; d2
is the distance from a pixel point to the second nearest fracture or
pore; uc is the weight map to balance the class frequencies; u0 and
s are constants.

To make the follow-up research results more convenient for
readers to observe, we will further narrow the research area and
focus on the area with relatively developed fractures (Fig. 5) and
use 50 learning data for training. The training data mainly comes
from the author's research team's manual segmentation of a large
number of core fractures and pores in the process of digital core
research in recent 5 years. One of the learning data is as follows. The
training data are manually selected, and the big data can be edited
through Boolean operation in the selection process.

After 42 training times, and the training effect was good, and the
change in the loss value with the number of training is shown in
Fig. 6.

After 25 training times, the loss value was stable at approxi-
mately 0.05, and the final training stops after the 42nd training. The
recognition effect of fractures and pores was excellent (Fig. 7).

The U-Net model could segment fractures and pores efficiently.
There was a large number of small strip fractures in the middle of
Fig. 7(a), which might be the microfractures produced after stress
unloading during core removal from the reservoir to ground.
ox corresponds to a multichannel feature map. The number of channels is denoted on
nt copied feature maps. The arrows denote the different operations (Ronneberger et al.,



Fig. 5. Research and training objectives after reduction.

Fig. 6. The change of loss value in the process of data training.

Fig. 7. Fracture and pore identific
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Generally, this was difficult to identify, indicating that the model
had a good image semantic segmentation effect. In addition, some
pores at the edge of the fracture were determined as fractures,
which were inevitable, because they had a strong spatial correla-
tion with fractures, and the resulting error was rational.

By adding separated fractures and pores into the core (Fig. 8), it
could be found that the U-Net model could well extract the pore
characteristics of the cores and did not identify any internal space
of fractures as a pore, that is, it retained the spatial correlation of
pores and fractures. This is crucial for constructing poreefracture
network model of subsequent cores.

6. Construction of poreefracture network model

The poreefracture network model is based on capillary and
equivalent radius theories, that is, the irregular pore space is
ation results based on U-Net.



Fig. 8. Performance of fractures and pores in the rock core.
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regarded as a sphere with the same volume, and roar channel is
regarded as a cylindrical pipewith the same volume. The division of
porosity and roar is based on the number of pores, n, in the 26
neighborhoods of any point. When the number of pores is less than
10, it will be judged as a roaring channel, and the rest will be
identified as pores.

When n � 10, the target is determined to be a pore, which is
represented by a sphere with an equivalent radius. The equivalent
radius of the sphere is calculated as follows:

X26
i¼1

 Xn
k¼0

Vvoxel_k

!
i

¼ 4
3
pr3 (6)

When n < 10, the target is judged as a roar, which is represented
by a sphere cylinder pipe with an equivalent radius. The equivalent
radius of the cylinder pipe is calculated as follows:

X26
i¼1

 Xm
k¼0

Vvoxel_k

!
i

¼pR2L (7)
Fig. 9. Network struc
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L¼m� Lvoxel (8)

where n is the number of pores continuously determined from any
direction of the 26 neighborhoods of a point; m denotes the
number of consecutive roars determined from any direction of the
26 neighborhoods of a point; Vvoxel represents the volume of a voxel
in a digital core, mm3; r is the equivalent radius of the pore, mm; R is
the equivalent radius of the roar, mm; Lvoxel is the length of a voxel,
mm.

Through the deep learning process, the pores, fractures and
matrix have been effectively segmented, and the pore and fracture
data are substituted into the above formula for calculation to obtain
the equivalent pore radius and roar radius. Thus, the network
structure of poreefracture is established (Figs. 9 and 10).

The equivalent radius of the core pore and roar channel was
small, which indicated that the core pore roar was small and very
dense. In addition, the fracture had good connectivity and could
have a good seepage effect. If we wanted to use a digital core to
efficiently simulate physical experiments, only the seepage is not
enough. Most fluid displacement experiments involve an acid rock
reaction, chemical adsorption, physical expansion, and other
experimental processes. It is closely related to the mineral
composition type, content, and distribution of the core, so the rock
state attribute will be modeled next.

7. Rock mineral properties

The rock mineral composition mainly includes calcite, quartz,
dolomite, orthoclase, plagioclase, and metal minerals, which
mainly determines the chemical reaction between digital core and
fluid, such as acid rock reaction. In addition, it contains clay
composition, mainly including illite, kaolinite, and montmoril-
lonite, which mainly determines the sensitivity of digital core, such
as water, velocity, salt, and alkali sensitivity.

The mineral composition of the core was analyzed by DX-2700
X-ray diffractometer; the result is shown in Fig. 11.

The results showed that calcite accounts for 76.3% (CaCO3),
quartz 14.6% (SiO2), and clay 9.1%. Researchers can subdivide clay
minerals and model them more precisely.

According to the CT scanning pictures, the rock surface is
scanned at fixed points by Quanta 450 environmental scanning
electron microscope, and the energy dispersive X-ray spectroscopy
ture of fractures.



Fig. 10. Poreefracture network structure.

Fig. 11. X-ray diffraction results of the whole rock.
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(EDS) test is carried out for the areas with obvious characteristics,
as shown in area 1, area 2 and area 3 in Fig. 12. EDS test mainly
includes point scanning, line scanning and area scanning. Because
the distribution of rock conditions has spatial continuity, this
scanning is carried out in the way of area scanning. CT scanning
Fig. 12. CT scanning profile of rock and sch
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profile of rock and schematic diagram of EDS scanning area are
shown in Fig. 12.

The scanning and EDS results of area 1, area 2, and area 3 are
shown in Figs. 13e15.

According to the fixed-point EDS test results and combined with
the X-ray diffraction results, it can be analyzed that area 1 is mainly
quartz and a small amount of calcite, area 2 is mainly clay minerals,
and area 3 is mainly calcite and a small amount of quartz. Using this
result, the mineral types in CT map can be classified and corrected
manually. Here, the author manually revised five rock profiles and
used U-Net model for learning and segmentation. There are few
training data here. In the follow-up work, the author will continue
to conduct in-depth research in this regard. The distribution of rock
conditions is shown in Fig. 16.

The construction of rock mineral distribution is essential for
experimental simulation using digital cores. The change in core
permeability, damage evaluation, and five sensitivity evaluations
are closely related to the distribution of rockminerals in the process
of acid displacement. There is no accurate distribution of rock
minerals. The development of wormholes is the same in a hydro-
chloric or soil acid system, but it is not in accordancewith the actual
situation. Without a more accurate distribution of rock minerals, it
is impossible to accurately simulate the expansion of clay minerals,
and the corresponding water-sensitive damage cannot be accu-
rately simulated.
ematic diagram of EDS scanning area.



Fig. 13. The scanning and EDS results of area 1.

Fig. 14. The scanning and EDS results of area 2.

Fig. 15. The scanning and EDS results of area 3.
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Fig. 16. Distribution of rock minerals of DRP.

Fig. 17. NMR T2 spectrum measurement.

Fig. 18. Vertical distribution of porosity in digital core.
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8. Model validation

The verification of porosity is the most intuitive and accurate
verification parameter. Because the established poremodel is based
on X-ray CT scanning, with high resolution, and can identify a large
number of invalid pores (dead pores), a more accurate porosity
measurement method is needed to verify the model. MesoMr23-
060HeI NMR instrument was used to measure core porosity. After
saturated with water and centrifugation, the NMR T2 spectrum
distribution of the core was measured, as shown in Fig. 17.

The core porosity measured via NMR was 2.44%. The distribu-
tion of the T2 spectrum was mainly bimodal, which indicated that
there were mainly small pores and fractures in the core. The left
and right peaks represent small pores and fractures, respectively.
The contribution rate of pore height mainly came from the
fractures.

For the porosity calculation of the digital core, the pore and
fracture volumes are used as follows:

f ¼

Pn1

i¼0
Vvoxelf_i þ

Pn2

i¼0
Vvoxelp_i

Pn1þn2

i¼0
Vvoxel_i

� 100% (9)

where f is porosity; Vvoxelf is the volume of voxels that make up the
fracture, mm3; Vvoxelp is the volume of voxels that make up the
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pores, mm3; n1 is the number of voxels that make up the fracture; n2
is the number of voxels that make up the pores.

The average porosity calculated via the DRP was 2.57% (Fig. 18),
and the relative error was 5.33%. The main reason was that the H
core measured via NMR is from the water in the process of core
saturated with water, so some dead pores could not be filled with
water, which made the porosity measured via NMR smaller than
the actual value. Therefore, the relative error of the digital core was
less than 5.33%. Thus, the accuracy of the digital core model was
very high, and the difference between the digital and actual cores
was small.
9. Conclusions

(1) X-ray CT scanning technology can efficiently reconstruct the
3D structure of the core. For the complex core with fractures,
nonlocal means filter technology can reduce noise, retain
core detailed characteristics and spatial correlation of phys-
ical properties.

(2) The conventional threshold segmentation technology has a
poor recognition effect on the fracture and pore of complex
cores, which is one of the critical factors limiting the devel-
opment of digital cores. The U-Net model has a good se-
mantic segmentation effect, can effectively extract the pore
and fracture characteristics of the core, can efficiently
segment fractures, pores, and matrix, and can keep the
spatial correlation between pores and fractures.

(3) The modeling of rockmineral distributionmainly uses the U-
Net DL model to identify different minerals, which is
conducive to the correction of XRD technology. It is indis-
pensable for physical experiment simulation involving acid
rock reaction, chemical adsorption, and physical expansion.

(4) The relative error between porosity measured via NMR and
average porosity calculated via DRPwas only 5.33%. Themain
reason was that the H core measured via NMR was water
from the process of core saturated with water, so some dead
pores could not be filled with water, and the porosity
measured via NMR was smaller than the actual value.
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