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a b s t r a c t

Rock thin-section identification is an indispensable geological exploration tool for understanding and
recognizing the composition of the earth. It is also an important evaluation method for oil and gas
exploration and development. It can be used to identify the petrological characteristics of reservoirs,
determine the type of diagenesis, and distinguish the characteristics of reservoir space and pore struc-
ture. It is necessary to understand the physical properties and sedimentary environment of the reservoir,
obtain the relevant parameters of the reservoir, formulate the oil and gas development plan, and reserve
calculation. The traditional thin-section identification method has a history of more than one hundred
years, which mainly depends on the geological experts' visual observation with the optical microscope,
and is bothered by the problems of strong subjectivity, high dependence on experience, heavy workload,
long identification cycle, and incapability to achieve complete and accurate quantification. In this paper,
the models of particle segmentation, mineralogy identification, and pore type intelligent identification
are constructed by using deep learning, computer vision, and other technologies, and the intelligent thin-
section identification is realized. This paper overcomes the problem of multi-target recognition in the
image sequence, constructs a fine-grained classification network under the multi-mode and multi-light
source, and proposes a modeling scheme of data annotation while building models, forming a scientific,
quantitative and efficient slice identification method. The experimental results and practical application
results show that the thin-section intelligent identification technology proposed in this paper does not
only greatly improves the identification efficiency, but also realizes the intuitive, accurate and quanti-
tative identification results, which is a subversive innovation and change to the traditional thin-section
identification practice.
© 2022 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

Rock thin-section identification is one of the indispensable
geological exploration tools to understand the earth. It is also one of
the important evaluation means of oil and gas exploration and
development. It can be used to identify the petrological charac-
teristics of reservoirs, determine the types of diagenesis, and
distinguish the characteristics of reservoir space and pore structure.
It is essential for understanding the physical properties and sedi-
mentary environment of the reservoir, obtaining the relevant
en).

y Elsevier B.V. on behalf of KeAi Co
parameters of the oil and gas reservoir, and formulating the oil and
gas development plan and reserve calculation. It has the features of
intuitive indication, rapid evaluation, simplicity, accuracy, econ-
omy, and practicality.

Traditional thin-section identification depends on experts' vi-
sual observation of rocks under the optical microscope, and it is
imperfect in several aspects. First, the workload is arduous to
complete with limited human resources if there are numerous rock
samples to be identified. Thin-section identification requires
repeated observation of single-polarization and orthogonal polar-
ization at multiple angles, and may also rely on fluorescent lumi-
nescence and other means. Even an experienced professional may
take at least 4 h to complete the identification of one sample. In
addition, the training of qualified identification professionals is a
mmunications Co. Ltd. This is an open access article under the CC BY-NC-ND license
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long process. The number of experienced professionals is dwin-
dling, and there is a shortage of young successors. Second, the
identification based on naked-eye observation is person-
dependent and cannot ensure accurate and quantified results. In
traditional identification, a single field of view is observed under an
optical microscope and then the overall situation is inferred based
on the observation of multiple single fields of view. The identifi-
cation results of the same sample may be different due to the dif-
ferences in appraisers’ experiences and perceptions. Third,
traditional identification relies on physical sample delivery and
visual observation, but thin-section samples upon prolonged stor-
age may turn yellow and degummed, which will affect the identi-
fication results and eventually lead to losses of assets.

In the process of thin-section identification, the images will be
repeatedly observed under multiple light sources and multiple
angles to determine the mineral composition, pore type, and other
information. As such, intelligent thin-section identification is not a
simple image classification or image segmentation problem but
needs to consider multiple sequence images for judgment.
Compared with the big data on Internet, the data on rock thin
section samples are minimal, so intelligent thin-section identifi-
cation is challenged by multi-target identification of minimal
samples. In this paper, several intelligent models, such as intelligent
identification of mineral components and automatic statistics of
content, automatic extraction of pores and intelligent determina-
tion of pore types, intelligent prediction of rock structure, and
comprehensive naming of lithology, are constructed by using se-
mantic segmentation, instance segmentation, image classification,
target detection, and other technologies. The supervised learning
method is adopted. Firstly, the data are labeled by the rock and
mineral identification experts, and then the intelligent thin-section
identification is done by combining the expert experience with the
artificial intelligence algorithm and integrating the geological
knowledge. Compared with the traditional identification proced-
ures based on visual observation, the procedure proposed in this
paper can realize accurate, quantitative identification of thin sec-
tions and intuitive and comprehensive display of results, and thus
provide more quantitative, accurate, and comprehensive basic data
for the study of sedimentary reservoirs.

2. Related work

With the rapid development of deep learning technology, arti-
ficial intelligence (AI) has set off the third wave of application. The
upgraded scanning instruments allow a large number of thin-
section images relating to oil exploration and development to be
accumulated, laying a foundation for intelligent analysis. In recent
years, deep learning technology has been rapidly and extensively
promoted in the field of image analysis. Its application to massive
images of rock thin sections for further intelligent identification
will be a critical replacement to traditional identification proced-
ures. Many professionals have worked successfully in thin section
image capture and intelligent identification.

For thin section image capture, the upgraded hardware facili-
tates the collection of massive, standard, and normative images of
rock thin sections. Several mainstreammicroscopy systems, such as
Zeiss Axio Scan, have been launched. Unlike traditional polarizing
microscopes with deviation in field of view during stage rotation,
the mainstreammicroscopy systems can realize alignment analysis
of sequence images by acquiring orthogonal polarization images at
different angles by rotating the upper and lower polarization angles
while the stage is notmoving, thusmaking intelligent identification
possible.

Thin-section intelligent identification, which is at the rising
stage, is mainly used in rock classification, particle segmentation,
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pore extraction, and other aspects. In rock classification, a deep
learning network is used to build a classificationmodel, with less or
no complex and tedious steps like that in traditional image pro-
cessing procedures, facilitating a more automatic thin-section
identification (Cheng et al., 2013; Wei et al., 2014). For example,
Xu et al. utilized the convolution neural network, ResNet-18, to
automatically classify the thin-section images of metamorphic
rocks, igneous rocks, sedimentary rocks including clastic and car-
bonate (Xu et al., 2020). Nanjo et al. proposed an image analysis
technology for carbonate rock lithology recognition based on a
deep neural network. A convolution neural network was used to
train and classify 306 slice images of four rock components such as
particle, cement, pore, and plaster, and achieved a test accuracy of
83.9%, which confirmed the advantages of machine vision tech-
nology in visual recognition to a certain extent (Nanjo et al., 2019).

As for particle segmentation, image processing technology or
deep-learning algorithm is used to segment and extract rock par-
ticles and identify their edge contour, providing the basis for
intelligent thin-section identifications and quantitative analysis of
compaction (Budennyy et al., 2017; Buono et al., 2019; Pattnaik
et al., 2020). For example, Samet et al. proposed a fuzzy rule-
based image segmentation technique for rock thin section images
(Samet et al., 2013). Moreover, thin-section identification involves
comprehensive observation of the morphology under single-
polarization and orthogonal polarization. Therefore, the particle
segmentation of rock thin sections combined with orthogonal po-
larization is a more practical standard for geological identification
(Cai et al., 2020; Si et al., 2020; Jiang et al., 2020). For example,
considering the extinction features of rock thin section itself, Hu
et al. proposed a sequence image analysis system for rock thin
sections based on continuous extinction feature analysis under
orthogonal polarization by analyzing the difference of extinction
features of mineral components and combined with digital image
processing technology (Hu et al., 2012). As for pore extraction, the
edges of pore are extracted by using image processing technology,
and some articles introduced procedures related to the simple
identification of throats (Ma and Gao, 2017; Tu et al., 2018; Cai et al.,
2020). For example, Zhang et al. conducted the correlation analysis
of pixel scale in the extinction angle dimension based on the
extinction feature of orthogonal polarization sequence images.
During the course, particle segmentation and pore extraction are
realized by using sensitive parameters such as correlation coeffi-
cient mean and standard deviation (Zhang et al., 2020).

To sum up, the literature about intelligent thin-section identi-
fications mostly focuses on some tasks such as particle segmenta-
tion and pore extraction, thus not thorough and systematic in
content. Moreover, the research methods are usually based on
image processing technology, but cannot integrate the geological
experiences of rock/mineral identification experts. In addition,
intelligent thin-section identification remains blank in core anal-
ysis, such as mineral composition identification, pore structure
analysis, and rock structure analysis. We still cannot say that the
thin-section identification is a complete quantitative analysis and
evaluation. Therefore, it is urgent to build a deep learning model
integrating geological knowledge to realize scientific and quanti-
tative intelligent thin-section identification.

3. General scheme

Thin-section identification of clastic rocks includes four parts
(Fig. 1): (1) identification and statistics of mineral types and con-
tents and cement composition and contents; (2) identification of
reservoir pore features and determination of reservoir pore genetic
type and pore structure; (3) observation and identification of mi-
crostructures such as particle size, sorting, cementation type,



Fig. 1. Contents of intelligent thin-section identification of clastic rocks.
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support type, and contact mode; and (4) precise classification and
naming of rocks. The general scheme can be divided into five steps
(Fig. 2):

Step 1. Image capture: Use the full-auto slide scanner to capture
images at six angles of single-polarization and orthogonal polari-
zation (which are changed by rotating the orthogonal polarization)
while the stage is not moving. The images captured are the images
of slide specimen in full view after stitching.

Step 2. Data labeling: (Rock and mineral identification experts)
Label the edge of rock particles, clastic components, pore types, and
other features according to the industry standards for thin-section
identification. Features for labeling under single polarized light
include particle shape, crystal shape, cleavage, color, protrusion
(polychromism), rough surface, dyeing, and others. Features for
labeling under orthogonal polarization include mineral extinction,
interference color level, bicrystal type, cleavage, secondary alter-
ation characteristics, mineral symbiosis combination, stress trans-
formation characteristics, rock structure, interstitial filling,
1607
alternation, aggregate, and others. In this study, the human-in-the-
loop modeling method was adopted to realize simultaneous
modeling and labeling. After labeling a certain number of samples,
construct the neural network model immediately, and subse-
quently, calibrate on the results predicted by the model. Thus, the
labeling activity is transited from manual to semi-automatic.

Step 3. Deep-learning modeling: Use Residual Network (ResNet),
Dense Convolutional Network (DenseNet), Mask Region Convolu-
tional Neural Network (Mask ReCNN), Conditional Generative
Adversarial Networks (GAN), and other neural networks to
construct intelligent prediction models based on sequence images.
Such models involve particle segmentation, clastic component
identification, and pore type determination.

Step 4. Intelligent identification: Realize intelligent identification
with one click.

Step 5. Automatic report generation: Generate the identification
report automatically and let experts correct the report.



Fig. 2. Scheme for intelligent thin-section identification of clastic rocks.
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4. Intelligent thin-section identification of clastic rocks based
on deep learning

In this study, the particle segmentation model is constructed for
clastic rocks through image processing, super-pixel segmentation,
and instance segmentation. Based on particle segmentation, the
particle edge and corresponding category of each mineral are
identified, to determine the contents of mineral components. At the
same time, the particle edge identified by the particle segmentation
model is used to calculate the indexes such as sorting, roundness,
and cementation type, and the particle size distribution map is
generated through statistic calculation. Finally, the comprehensive
name of lithology is given according to the content of mineral
components and particle size distribution. Furthermore, semantic
segmentation technology is used to realize pore edge extraction
and corresponding pore type recognition, thus realizing the intel-
ligent analysis of pore type based on thin section.
4.1. Particle segmentation

Particle segmentation is the basis of intelligent thin-section
identification and the first step of automating the process of thin-
section identification. Particle segmentation can provide quantita-
tive data basis for clastic component identification, diagenesis
evaluation, pore throat extraction, and others. Themain difficulty in
particle segmentation with thin sections is that the particles are
huge in quantity and dense in distribution, with irregular shapes,
inconsistent sizes, and diversified textures. In this study, the
maturing digital image segmentation algorithm (represented by
watershed algorithm, threshold segmentation, and edge detection
algorithm), super-pixel classification, and deep learning (which are
excellently performed in semantic segmentation and instance
segmentation) are combined to realize the intelligent and accurate
segmentation of rock particles.
4.1.1. Particle segmentation based on multi-angle image
Most mineral particles of clastic rocks have fuzzy edges, which

makes particle segmentation very difficult. The particle edge
cannot be determined accurately based on single-polarization
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alone. The extinction of mineral particles under different angles
of orthogonal polarization can make particle edges more obvious
and easier to segment. Therefore, a particle segmentation tech-
nique based on sequence images composed of single-polarization
and orthogonal polarization is proposed in this paper.

In this method, the target mineral particles are segmented by
Hue, Saturation, Value (HSV) color space, K-means, and other al-
gorithms through simultaneous application of single-polarization
images and orthogonal polarization sequence images of thin sec-
tions (Fig. 3). Fig. 4 shows the effect of particle segmentation based
on multi-angle images. This method solves the problems of fuzzy
particle edge and particle adhesion by superposition of multiple
mask images, to realize the accurate segmentation of mineral par-
ticles in a thin section image.

4.1.2. Particle segmentation based on superpixel
Because the reservoir is heterogeneous, there are differences

between the same type of minerals, and also similarities between
different types of minerals. Moreover, due to dissolution and other
effects, the particle edges are fuzzy. Therefore, particle segmenta-
tion needs image processing in high-dimensional images. For im-
ages with high dimensions, conventional image segmentation
algorithms often take a long time and have low accuracy. In this
study, we attempt to use the simple linear iterative cluster (SLIC)
super-pixel segmentation algorithm to divide the thin section im-
age by pixel levels, that is, to divide the thin section image into K
super-pixel blocks (K ¼ 10 initially in this paper). In the initializa-
tion step of the clustering process, the algorithm uses K initial

clustering centers to sample the image grid at the interval S ¼
ffiffiffi
N
K

q
(N is the number of pixels of the whole thin section image) to
produce super-pixel seed points of identical size. To avoid posi-
tioning the super-pixel seed point at the edge and affecting the
subsequent clustering, it is necessary to move the cluster center to
the position with the lowest gradient in the 3� 3 neighborhood of
the original seed point. After that, each pixel in the neighborhood
around each seed point can be classified into the corresponding
cluster center. Compared with the conventional clustering
involving K-means, this algorithm has a significant speed advan-
tage in that it only retrieves similar pixels in twice the expected



Fig. 3. Particle segmentation based on multi-angle images.

Fig. 4. Effect of particle segmentation based on multi-angle images.
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space around the super-pixel center in the search phase as shown
in Fig. 5. On this basis, the color distance dc and spatial distance ds
between each pixel and the corresponding seed point can be
calculated:
1609
dc ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðlj � liÞ2 þ ðaj � aiÞ2 þ ðbj � biÞ2

q

ds ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðxj � xiÞ2 þ ðyj � yiÞ2

q

where, ðlj; aj; bjÞ and ðli; ai; biÞ are coordinates of the searched pixels



Fig. 5. SLIC reducing super pixel search area.
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and seed points in the color space; ðxj; yjÞ and ðxi; yiÞ are co-
ordinates of searched pixels and seed points in plane space. Even-
tually, the corresponding distance measurement D0 can be obtained
through color distance and spatial distance:
D0 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðdc
m
Þ2 þ ðds

S
Þ2

r
ðm is the maximum color distance; generallym¼10Þ
The distance between each pixel and the seed point is calculated
through this distance measurement formula. The seed point with
the smallest distance is taken as the clustering center of the pixel
point, and the pixel-based segmentation is realized via continuous
optimization and iteration. Finally, similar super-pixel blocks are
combined to realize the segmentation and extraction of rock par-
ticles (Fig. 6).
4.1.3. Particle segmentation based on deep learning
Affected by factors such as dissolution and compaction, some
Fig. 6. Process and effect of SLIC super p
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particles have fuzzy edges and particle fragmentation. In this case,
unsupervised learning cannot accurately segment rock particles. In
this study, we construct a deep learning particle segmentation
model based on instance segmentation, which can integrate ex-
perts' experiences into the intelligent model.
Image segmentation based on deep learning can be divided into

three categories: semantic segmentation, instance segmentation,
and panoramic segmentation. Semantic segmentation refers to the
process to classify all pixels in the image, and it can predict the
mineral category of each pixel in a thin section image. Instance
segmentation is the combination of object detection and semantic
segmentation. Compared with semantic segmentation, instance
segmentation involves labeling different individuals of the same
object on the image. Panoramic segmentation is the combination of
ixel segmentation of thin sections.



Fig. 7. Framework of particle segmentation network based on Mask ReCNN.
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semantic segmentation and instance segmentation, and realizes
the detection and segmentation of all objects, including the back-
ground, in the image.

In this study, Mask ReCNN is used to construct the particle
segmentation model. Using the idea of transfer, the pre-trained
instance segmentation model is transferred to the task of particle
segmentation via learning migration. By training the constructed
data with the label, the segmentation model suitable for the seg-
mentation of rock particles is obtained through simultaneous
training, labeling, and fine-tuning.

Fig. 7 shows the framework of the particle segmentation
network. Extended based on the target detection network Faster
ReCNN, Mask ReCNN has a new branch structure for predicting
targets added to the edge recognition branch structure of the
original network in parallel. As for the basic skeleton network,
ResNet series networkswith better generalization performance and
stronger expression ability are selected as convolution structures to
extract features. At the same time, a feature pyramid network (FPN)
is adopted to acquire multi-scale data and take into account the
characteristics of shallow and deep layers. As for the selection of
candidate areas, a region proposal network (RPN) is deployed to
generate the recommended area. In addition, the bilinear difference
method is introduced to align the generated region, to solve the
problem of mismatch between the feature image and the target
region of the original image caused by quantization operation in
the process of multiple pooling. Finally, the full convolution
network is used to receive the input image of any size, the full
connection layer and softmax are used to classify the target areas,
the full connection layer and bounding box regression are used for
coordinate prediction, and the full convolution network is used for
pixel-by-pixel mask prediction. In this way, the Mask ReCNN
network can realize pixel-level instance segmentation in the
target segmentation task.

A total of 210,000 thin-section images of clastic rocks (single
polarization þ orthogonal polarization at 6 angles) were collected
in this study. By using the supervised learning method and the
procedure of simultaneous modeling and labeling, the label sample
library is constructed. Besides, the particle segmentation model
based on Mask RCNN is constructed (Fig. 8).

In the index evaluation, we took 7000 images as the test set and
selected ReCNN, Faster ReCNN, and other networks for horizontal
comparison to verify the comprehensive performance of the par-
ticle segmentation network based on Mask ReCNN. The number of
batch processing samples in model training is 64, and the learning
1611
rate is set to 0.0001. After 300 iterative training, the test results are
shown in Table 1. It can be seen that the particle segmentation
network based on Mask ReCNN proposed in this paper is better
than the above-mentioned image processing, super-pixel seg-
mentation, ReCNN, Faster ReCNN, and other deep-learning seg-
mentation schemes.
4.2. Intelligent identification of clastic components based on
sequence images

The component identification is the essential and most difficult
part of thin-section identification of clastic rocks. Component
category will be determined with the help of multiple light sources.
The characteristics of components should be observed under both
single-polarization and multiple angles of orthogonal polarization.
In this study, the convolutional neural network (CNN) and recur-
rent neural network (RNN) are used in combination with a multi-
model cascade. The category of each component particle is deter-
mined by analyzing its characteristics at various angles.

In this study, while the stage is not moving, the full mosaic
images are captured under single-polarization and orthogonal
polarization at 6 angles. Then, the component recognition sample
library is constructed. There are more than 700,000 component
particles in the library, which is used to build the component
intelligent identification model. Table 2 shows the details of com-
ponents by intelligent identification.

The identification of clastic rock components needs to consider
the characteristics of components in a single image, and also the
time-order characteristics of components under different light
sources. In this study, a clastic rock component identification
network based on CNN þ RNN is proposed, and its framework is
shown in Fig. 9.

CNN adopts ResNet34 as the convolutional network architecture
for spatial feature extraction. At the same time, the last convolution
layer of CNN is followed by the long short-term memory (LSTM),
which is a special RNN network and can alleviate the gradient
disappearance problem of RNN to a certain extent. Through the
LSTM layer, the particle sequence features extracted from the CNN
layer flow in the time flow, and the characteristics of all-time flows
are aggregated through time pooling, to extract the time-order
features of mineral particles. On this basis, the deep-seated parti-
cle characteristics are trained iteratively until the loss is minimized.

The results of intelligent clastic rock component identification
are shown in Fig.10.With this model, we can accurately identify the



Fig. 8. Effect of particle segmentation model based on Mask ReCNN.

Table 1
Results of Mask RCNN and other segmentation networks.

Model AP AP50 AP75

ReCNN 0.60 0.71 0.65
Faster ReCNN 0.67 0.78 0.74
Mask ReCNN 0.71 0.83 0.79

Note: IoU-intersection over union-; AP-average precision; AP50 is the AP value at
IoU ¼ 0; AP75 is the AP value at IoU ¼ 0.75.
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edge and category of each component in the image, and quantify
the proportion of each component. In this study, 10,000 images are
used as the test set, with 128 batch processing samples and 0.0001
model learning rate for 500 iterations. The identification accuracy
of 16 components (e.g. quartz, feldspar, acid extrusive rock, me-
dium basic extrusive rock, sedimentary rock, metamorphic rock,
intrusive rock, mica, argillaceous, calcite, dolomite, and authigenic
clayminerals) reachesmore than 85%. Fig.11 shows the ROC curves.
Table 2
Intelligent identification and classification of clastic rock components.

Terrigenous clastic rocks Quartz
Feldspar
Debris

Non-terrigenous clasts Grained clasts

Interstitial materials Matrix

Cements
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4.3. Rock structure analysis

Rock structure is an important factor to understand the rock
properties and structure of thin sections. In this study, the analysis
of rock structure mainly involves weathering degree, sorting,
roundness, cementation type, and particle contact relationship.

4.3.1. Weathering degree
By collecting a large amount of historical identification data, we

use the CNN network to build a weathering prediction model. This
paper compares several classification models such as VGG, RESNET,
and DenseNet. Finally, the ResNetmodel with the best performance
in the test data set is selected as the predictionmodel of weathering
degree, and the accuracy is more than 90%.

4.3.2. Sorting
Sorting indicates the sorting degree of debris particles, which

are generally divided into good, moderate, and poor according to
Extrusive rocks Acid extrusive rock
Medium-basic eruptive rock

Sedimentary rock
Metamorphic rock
Intrusive rock
Tuff
Mica
Sand fragments
Oolitic
Mud
Carbonate
Calcite
Dolomite
Authigenic clay minerals
Authigenic quartz
Siderite
Gypsum
Anhydrite
Quartz overgrowth



Fig. 9. Framework of clastic rock component identification network based on CNN þ RNN.

Fig. 10. Results of intelligent clastic rock component identification. Precision ¼ 0.85, recall ¼ 0.87, F-measure ¼ 0.86, accuracy ¼ 0.88.

Fig. 11. ROC curves for intelligent clastic rock component identification.
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the proportion of the same particle size in the debris content. Based
on the particle edges identified with the three schemes in Section
2.1, the size of each particle is statistically calculated, and the cor-
responding size distribution is plotted. Finally, the image process-
ing related algorithm is used to count particles with variable sizes
to determine their sorting. If the particles with a certain size ac-
count for 75% or more of the total debris, the sorting is classified as
“good”. If the particles with a certain size account for more than
50% but less than 75% of the total debris, the sorting is classified as
“moderate”.

If the particle sizes are more scattered and do not meet the first
two cases, the sorting is classified as "poor".
4.3.3. Roundness
Roundness is a summary of how the particles in the thin section

are round. It is generally divided into five levels: angular, sub-
angular, subrounded, rounded, and very rounded. In this study,
template matching is used to identify the target particles. This
simple, less computation demanding, and accurate algorithm is
very adaptable to the determination of roundness. Basically, it is to
find the coordinate position between the template image and the
source image through the calculation of the correlation function. As
shown in Fig. 12, for temperate image T, assuming that it is trans-
lated in the source image S, and the area covered by the template is
a sub-source image, with ðx; yÞ as the coordinate of the left-up
corner of the sub-source image in the entire thin-section image,
the sub-source image is compared with the template image, and
their deviation Dðx; yÞ is determined as follows:

Dðx; yÞ ¼
XM
m¼1

XM
n¼1

�
Sx;yðm;nÞ � Tðm;nÞ�2

If Dðx; yÞ is less than the set threshold, it is considered that the
roundness of the sub-source image is consistent with that of the
template image.

Similarly, the roundness of all sub-source images in the thin
section is obtained, and the roundness levels with the highest
content in each level of roundness are counted. When there are
Fig. 12. Diagram for te
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multiple roundness levels with high contents, the roundness of the
entire thin section is named an ascending order as
subangularesubrounded, subroundedevery rounded.
4.3.4. Particle contact relationship
Based on particle segmentation, we propose a scheme for

intelligent identification of particle contact relationships (Fig. 13).
With four steps: (1) segmentation of rock particles; (2) identifica-
tion of the shared edges among particles by using the eight-
neighborhood shared boundary discrimination method; (3)
extraction of particle contact boundary by using image processing
algorithm; and (4) determination of particle contact relationship,
the number of point contacts, line contacts, concave-convex con-
tacts and suture contacts can be determined.
4.4. Intelligent analysis of pore structure

Pores are the space for oil and gas accumulation in the reservoir.
Most pores are widespread between particles, and a small pro-
portion may exist inside particles. Pores are diverse (e.g. inter-
granular pores, intergranular dissolved pores, intragranular
dissolved pores, intergranular micropores, etc.) and confusable.
Identifying the specific types of pores requires strong professional
knowledge and experience. Storage capacity analysis mainly in-
volves pore type, plane porosity, pore diameter, and others. The
intelligent analysis of pore structure is based on the accurate
extraction of pores and the automatic determination of pore type.

The key to intelligent analysis of pore structure is to identify the
pore edge and type so that the plane porosity, pore size distribu-
tion, and the proportion of each pore type can be calculated. In this
study, the Path Aggregation Network (PANet) is adopted for the
extraction and identification of pores through semantic segmen-
tation. As shown in Fig.14, byway of bottom-up path enhancement,
PANet can effectively enhance the acquisition of location informa-
tion in the bottom layer and then shorten the information path
between the bottom layer and the top layer. In addition, it can
restore the damaged information path between the candidate re-
gion and the feature level through the pooling of adaptive features
mplate matching.



Fig. 13. Flow chart of automatic extraction of particle contact relationship.

Fig. 14. Effect of pore segmentation network based on PANet.
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to aggregate the candidate regions on each feature level. Finally,
pore classification, boundary box regression, and mask prediction
by the full convolution network are conducted for the candidate
regions, to complete the segmentation and identification of target
pores.

In this study, 10,000 thin section images with good pore quality
are selected, and the training, verification, and test data are divided
by 8:1:1. The thin section data pre-labeled with pore contour and
attribute are loaded into the segmentation network for 500 training
iterations. Thus, the segmentation of rock pores is realized, with a
segmentation accuracy of 81%.

Additionally, other related pore structures can be intelligently
analyzed. For example, through the connected domain analysis of
the segmented pores, and using the edge detection algorithm to
detect the pore contour, the pore area si is obtained by using the
contour area() function in image vision. Then, the plane porosity L is
obtained by summing all pore areas and dividing them by the
overall area Z of the entire thin section:

L ¼
Xn

i¼1
si
�
Z

Based on the above pore segmentation and pore contour area
acquisition, the corresponding equivalent diameter of pores is ob-
tained, and the corresponding number of pores is calculated ac-
cording to different pore size ranges, to obtain the pore size
distribution map. At the same time, the content proportion of each
pore type is calculated based on pore edge extraction and pore type
identification.
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4.5. Lithology naming

According to the petroleum and natural gas industry standard of
the P.R.C. <Identification for the thin section of rocks> (SY/T
5368e2016), the naming of clastic rock lithology is based on the
identification of clastic components and rock structure analysis.
According to the extracted terrigenous clastic components, non-
terrigenous clastic components, the type and relative content of
interstitial materials, the particle size distribution, as well as the
particle size and rock type naming specifications in the industrial
standard for rock thin-section identification, comprehensive
naming of lithology can be determined. Generally, rock naming
consists of particle size and rock type. To be more specific, the
particle size designation is based on the criteria for particle size of
mineral components shown in Table 3. The rock type designation is
defined by the classification triangle shown in Fig. 15.

In terms of particle size, the areas of the extracted rock particles
are counted by using the image processing technology based on
contour.

Area () function, and the size of the rock particles in the entire
thin section is determined by calculating the equivalent circle
diameter on the basis of particle segmentation and extraction in
Section 2.1. After the proportion distribution of particle content in
mineral components at each particle size is determined, the par-
ticle size of the thin section is designated (as fine to very fine,
medium to very fine, etc.) according to the particle size naming
principles. Concerning rock naming, attribute identification and
identification are conducted for the mineral particles extracted
from the thin section images based on the intelligent identification
of mineral components in Section 2.2, and then the content



Table 3
Criteria for particle size of mineral components in clastic rocks.

Particle size Particle diameter (mm)

Class Subclass

Gravel Cobble 64~<256
Pebble 4~<64
Granule 2~<4

Sand Coarse sand 0.5~<2
Medium sand 0.25~<0.5
Fine sand 0.125~<0.25
Very fine sand 0.0625~<0.125

Silt Coarse silt 0.0313~<0.0625
Fine silt 0.0156~<0.0313

Clay <0.0156

Fig. 15. Rock naming and classification triangle.
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proportions of quartz, feldspar, flint, and other debris are deter-
mined to complete the rock naming according to the practice
shown in Fig. 15. By combining the particle size naming and rock
naming, the naming of the entire clastic rock thin section is
Fig. 16. Example of comprehensive naming of lith
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completed (Fig. 16).

4.6. Comparison between artificial identification and intelligent
identification

Taking sandstone in Hetao Basin as an example, this paper
compares the effects of intelligent identification and manual
identification. Fig. 17 shows the identification results of a sandstone
sample. The red box in the upper part represents the manual
identification report, and the blue box in the lower part represents
the intelligent identification report. It can be seen that the identi-
fication results of the two are consistent, but the results of intelli-
gent identification are more quantitative and accurate. At the same
time, the intelligent identification can also output rock particle
segmentation map, mineral composition distribution map, particle
size distribution map, pore size distribution map, particle contact
line distribution map, compaction index, roundness index, and
other indicators. That is, the results of intelligent identification are
more comprehensive, more intuitive, and more quantitative.

The results of the intelligent identification of mineral compo-
nents are shown in Fig. 18. Intelligent identification cannot only
directly output the distribution map of mineral components, but
also quantitatively count the proportion of each mineral compo-
nent. Traditional identification is to select a representative field of
vision to estimate thewhole sample, resulting in only the estimated
value of each mineral content. It cannot intuitively show the dis-
tribution of mineral composition, nor can it accurately calculate the
content of each mineral.

The intelligent analysis of pore structure is shown in Fig. 19 and
Fig. 20. The semantic segmentation network is used to extract the
edge of the pore and determine the type of pore. On this basis, the
pore size distribution map and the proportion of pore content can
be output. Traditional identification is only to output the types of
pores and the estimated proportion of each pore content contained
in the thin section sample. It can neither directly display the dis-
tribution of pore structure and pore size distribution map, and nor
accurately calculate the content of each type of pores.

Because intelligent identification can accurately identify the
edge of rock particles, it can quantitatively and accurately calculate
the rock structure indexes such as particle size distribution, sorting,
roundness, and weathering. The results of intelligent identification
of rock structure are shown in Fig. 21. Because traditional identifi-
cation is a visual observation, it can only be judged qualitatively and
ology based on mineral composition analysis.



Fig. 17. The results of artificial identification and intelligent identification.
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Fig. 18. The results of intelligent identification of mineral components.

Fig. 19. The results of pore segmentation and proportion.
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cannot output a quantitative index.

5. Application of intelligent thin-section identification of
clastic rocks in reservoir characterization

Thin-section identification is the most intuitive and informative
experimental method in reservoir research, and also an important
means of sedimentary reservoir characterization. The results of
traditional artificial identificationmethods are always qualitative to
semi-quantitative, as such thin section research cannot be accu-
rately related with relevant quantitative experimental methods,
left far behind the requirements for the fine evaluation of reservoirs
1618
and the research of highly heterogeneous reservoirs. In contrast,
intelligent identification can quantitatively extract information
such as particle contact relationship, clastic component content,
rock structure type, pore type, and content, and provide quantita-
tive basic data for sedimentary reservoir research. Intelligent
identification can be applied to the study of pore evolution and
displacement mechanism, quantitative analysis of diagenesis,
intelligent integration of thin section and logging processing &
interpretation, and other aspects, so as to realize the quantification,
accurate research, and evaluation of sedimentary reservoirs.



Fig. 20. Aperture distribution diagram.
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5.1. Accurate quantitative study of sedimentary reservoirs based on
intelligent thin-section identification

Clastic components, rock structure, and pore structure derived
from thin-section identification can be widely used in sedimentary
Fig. 21. The identification re
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reservoir characterization. By using the various patterns of stable
mineral contents in clastic components and rock debris character-
istics to assist in determining the provenance of clastic rock sedi-
mentary system, with the help of intelligent thin-section
identification and its big data analysis platform, we can promote
the application of thin-section identification results in the study of
sedimentary systems. Artificial thin-section identification can only
realize the qualitative description of the roundness of rock, while
intelligent thin-section identification can construct the contour of
the particle edge based on particle segmentation and construct the
quantitative roundness index of the particle. Based on the com-
parison of big data platforms, the variation pattern of reservoir
roundness index in the plane area can be quantitatively charac-
terized, which is helpful to predict the characteristics of the prov-
enance system. In addition, the research on the similarity of
characteristic debris components in different thin sections based
on big data analysis has a wide application prospect in the trace-
ability and stratigraphic correlation of sedimentary systems. In
reservoir characterization, the pore structure is the key index to
evaluate the quality of the reservoir. A variety of experimental
methods are available to highlight the characteristics of pore
structures. For example, conventional physical properties, high-
pressure mercury injection, constant velocity mercury injection,
nuclear magnetic resonance, and CT scanning can accurately char-
acterize some parameters of pore structure. All aforementioned
sults of rock structure.
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techniques can be deployed for the classification and evaluation of
reservoir formations, but not for the prediction of the genesis and
distribution pattern of high-quality reservoirs. These problems
must be addressed by the study of pore type characteristics, clastic
composition, and structural characteristics in thin sections. Because
artificial identification can only realize the semi-quantitative sta-
tistics of pore types and clastic components and the qualitative
description of structural characteristics, it can only be used for the
qualitative prediction of high-quality reservoirs. In contrast, intel-
ligent thin-section identification can accurately and quantitatively
describe proportions of different types of pores, clastic compo-
nents, and structural characteristics (accurate quantitative charac-
terization of roundness index, sorting coefficient, and other
factors). Thus, quantitative control factors of high-quality reservoir
development can be established, and the development trend of
high-quality reservoirs can be predicted based on the analysis
platform of big data. Additionally, the spatial distribution predic-
tion of different types of pores based on big data analysis also has
important guiding significance for the determination of develop-
ment programs.

5.2. Quantitative characterization of diagenesis of clastic rocks

The quality of clastic reservoirs is directly affected by sedi-
mentation and diagenesis. The influence of diagenesis on reservoir
quality runs through the whole reservoir-forming process. As the
exploration operations expand to unconventional resources,
diagenesis is more important for reservoir control. The unconven-
tional reservoir evaluation focuses more on the reservoir quality
during reservoir forming period and the changes in reservoir
quality after reservoir forming period. The reservoir quality during
the reservoir forming period may directly determine the scale and
performance of the reservoir, whereas the recovery and evaluation
of the reservoir during reservoir forming period and the change in
reservoir after reservoir forming period need to be based on ac-
curate quantitative characterization of diagenesis. Therefore, the
quantitative and fine study of diagenesis will play a more and more
important role in future exploration and development.

The quantitative characterization of cementation and dissolu-
tion in diagenesis can be realized by identifying the content of
authigenic minerals and dissolution pores through thin sections. As
a major diagenetic process, compaction can be used tomeasure and
evaluate reservoir quality. At present, academic and industrial cir-
cles mostly use descriptive expressions such as "strong compac-
tion", "moderate compaction" and "weak compaction" in practical
evaluation, and there is a lack of quantitative standards and in-
dicators of compaction strength. Based on the quantitative data
extracted from the intelligent thin-section identifications, the
particle contact relationship is determined by using computer
vision and other techniques, and the calculation method of the
compaction index is constructed. Moreover, by establishing the
quantitative relationship between compaction index and pore
evolution, combined with the quantitative characterization of
cementation and dissolution, we can accurately predict the char-
acteristics of pore evolution and construct an accurate pore evo-
lution history.

5.3. Intelligent logging interpretation assisted by intelligent thin-
section identification

Characterized by high resolution and sensitive response, logging
curves can effectively reflect the features of the entire drilling profile.
However, logging is only themanifestation of acoustic, electrical, and
radioactive properties of underground rock components, pore
structures, and formation fluids. Only through the accurate
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calibration of actual rock samples can it have geological significance
and establish an accurate interpretation template. So far, a large
number of general interpretation templates between logging data
and lithology, physical properties, and oil-bearing properties have
been established. These templates can effectively reflect the char-
acteristics of lithology, physical properties, and oil-bearing proper-
ties of most reservoirs. However, there are still special cases, such as
the ubiquitous low resistivity reservoirs. This phenomenon is
directly related to some microscopic characteristics of the reservoir.
To solve the above problems, we should quantitatively extract the
information such asmineral composition and rock structure through
intelligent thin-section identifications, establish the relationship
between the microscopic characteristics causing anomalies in the
formation and logging, correct the interpretation template and
improve the success rate of interpretation. With the exploration and
development gradually turning to unconventional reservoirs, the
reservoirs are found more complex and heterogeneous. The quan-
titative description of reservoir micro-characteristics based on
intelligent thin-section identification is increasingly valuable for the
correction of logging interpretation.

Lithology identification is a fundamental work in petroleum
geological exploration. Coring and logging curves are the two
common tools for lithology identification. In the traditional lithol-
ogy identification process, geological experiments are first made to
accurately identify lithology through thin-section identification;
then the corresponding relationship between lithology and logging
curve is established through an intersection map, and finally, the
lithology of non-cored wells is predicted. Based on the intelligent
thin-section identification, the relationship between lithology and
logging curve f(x) is established by using integrated learning
technology according to the accurately identified lithology.
Furthermore, the analytic expressions of f(x) and g(x) are auto-
matically learned from the existing data by using transfer learning
technology. Finally, the mapping relationship between cored wells
and non-cored wells can be established. In this way, the work ef-
ficiency is greatly improved, and the dependence of lithology
identification on expert experience is reduced.

6. Conclusions

This paper presents an intelligent identification technology of
clastic rock thin-section, which can greatly improve the identifi-
cation efficiency and reduce the influence of human subjective
factors on the identification results. At the same time, due to the
integration of the experience of geological experts, the accuracy of
the intelligent identification results is high. Because the traditional
identification estimates the whole with a local single field of view
and depends on visual observation, while the intelligent identifi-
cation is based on the whole slice samples and uses artificial in-
telligence technology to realize the quantitative extraction of
information. Therefore, the intelligent identification technology
proposed in this paper is more comprehensive, intuitive, accurate,
and quantitative.

This paper breaks through the multi-target recognition problem
of multi-channel images and realizes the intelligent recognition of
mineral components by constructing a multi-target recognition
network based on CNN þ RNN. Aiming at the overfitting problems
caused by small samples, this paper develops a fine-grained clas-
sification network under multi-angle and multi-mode, which can
detect mineral particles of different scales and different forms, to
solve the problem of low accuracy of mineral composition identi-
fication and pore type identification when the sample size is rela-
tively small. At the same time, this paper adopts the way of
modeling while labeling to collect training samples, and forms a set
of fast and efficient data labeling schemes.
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Intelligent thin-section identification is a complex and system-
atic technique. It can be applied to clastic rocks, carbonate rocks,
igneous rocks, metamorphic rocks, and others and be compatible
with polarizing thin-section, cast thin sections, fluorescent thin
sections, cathodoluminescent thin sections, etc. Practically, the
varying reservoir conditions from region to region and the factors
of dissolution, compaction and reservoir heterogeneity bring great
challenges to identification and modeling. The intelligent thin-
section identification of clastic rocks proposed in this paper is
just an outset. In the future, multi-lithology and multi-function
intelligent thin-section identification techniques can be expected.
It is also worth noticing that intelligent thin-section identification
is only a tool, and its application to reservoir research is the focal
point. Future studies will deal with the application of intelligent
thin-section identification to reservoir evaluation, diagenesis, and
sedimentary microfacies identification, aiming to form a set of
quantitative and accurate reservoir research methods based on
intelligent thin-section identification.
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