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Abstract: Natural gas power generation has the advantages of flexible operation, short start–stop
times, and fast ramp rates. It has a strong peaking capacity and speed compared to coal power gener-
ation, and can greatly reduce emissions of harmful substances such as sulphur dioxide. However,
in practice, the accurate identification of borehole fluvial facies in the exploration area is one of the
most important conditions affecting the success of gas field exploration. An insufficient number of
drilling points in the exploration area and the accurate identification of lithological data features
are key to the correct identification of borehole fluvial facies, and understanding how to achieve
accurate identification of borehole fluvial facies when there are insufficient training data is the focus
and challenge of research within the field of natural gas energy exploration. This paper proposes a
borehole fluvial facies identification method applicable to the sparse sample size of drilling points,
using the Sulige gas field in the Ordos Basin of China as the research object, with the drilling lithology
data in the field as the sample data and the data augmentation and classification of the images
through generative adversarial networks. The trained model was then validated on the Hangjinqi
gas field with the same geological properties. Finally, this paper compares the recognition accuracy of
borehole fluvial facies with that of other deep learning algorithms. It was verified that this research
method can be applied to oil and gas exploration areas where the number of wells drilled is small and
there are limited data, and that this method achieves accurate identification of borehole fluvial facies
in the exploration area, which can help to improve the efficiency of oil and gas resources drilling
identification to ensure the healthy development of the power and energy industry.

Keywords: borehole fluvial facies; generative adversarial networks; sulige gas field; Hangjinqi
gas field

1. Introduction

The exploration of natural gas resources is the material basis for the expansion of
electricity services by oil and gas companies, and the exploitation of natural gas is of
great importance for the development of clean energy. Sedimentary rocks, dominated by
sandstones in their natural state, are good reservoirs for natural gas resources. By accurately
identifying the borehole fluvial facies, the extent of sandstone distribution in the exploration
area can be inferred, which can effectively improve the success rate of natural gas and other
oil and gas resources.

The accurate identification of borehole fluvial facies have long been a challenge in
gas exploration. The main reasons for this challenge are as follows. Firstly, the volume of
drilling data in the exploration area limits the ability to directly obtain a large number of
sample tags. Secondly, the complex nature of the raw lithology data obtained from drilling
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makes it easy for the human eye to make mistakes in identifying the data. Finally, manually
created classification sample labels are highly subjective and costly to work with. Currently,
the most common method of borehole fluvial facies identification is through geological
exploration by means of geological mapping and observing the orientation of contours to
analyse the inventory of various rock types in the core [1]. In addition, 3D guide model
analysis of the exploration location by seismic reflection techniques can also be used to
analyse the location of natural gas [2,3], but this method has the disadvantage of being
cumbersome and dependent on the amount of 3D data. In recent years, deep learning
algorithms, with their powerful spatial data analysis capabilities, have received widespread
attention in the field of oil and gas energy exploration research. In terms of borehole fluvial
facies identification, the main results are currently focused on the research of discriminating
neural networks. The research methods involved mainly include data mining of lithological
profiles of river strata, and learning from neural networks can provide new research ideas
for the rapid identification of river locations, or studying the distribution of hydrocar-
bons through sandstone content and stratigraphic gas content [4–7]. The identification of
borehole fluvial facies is mainly achieved through the deep burial of sandstone reservoirs
with non-homogeneous reservoir properties and complex lithology resulting in diverse
hydrocarbon reservoir space types in sand and conglomerate formations [8–13].

This paper constructs a borehole fluvial facies identification method based on genera-
tive adversarial networks, utilizing a small sample of borehole fluvial facies data. The goal
of identifying borehole fluvial facies with high accuracy has been achieved through verifi-
cation of the accuracy, given a limited amount of core data. This paper learns and extracts
core features from lithological data from the Sulige gas field in the Ordos Basin, Inner
Mongolia, trains a large number of expanded sample data through generative adversarial
networks, and validates the effect of the expanded data by classification. In order to verify
the accuracy of the identification method, this paper verifies the accuracy of the method by
using the spatial core data of the subsurface reservoir in the Hangjinqi gas field exploration
area in the same geological formation area, collating the core profile data of Section 1 of
the Permian Shihezi Formation in 69 of the drilled wells, and constructing a generative
adversarial network based on the core profile sample data to complete the identification of
borehole fluvial facies. The method was validated to be highly accurate and may provide
new ideas and methods for the accurate identification of borehole fluvial facies in oil and
gas reservoirs.

2. Methods

Generative adversarial networks consist mainly of generator and discriminator [14–16].
The data generated by the generator needs to be discriminated by a discriminator; the pur-
pose of the generator is to approximate as closely as possible the potential distribution
of the real data, and the purpose of the discriminator is to distinguish correctly between
the real data and the generated data, thus maximising the accuracy of the discrimination.
The structure of the generative adversarial model is shown in Figure 1.

Figure 1. Traditional adversarial transfer network architecture.
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The generator and discriminator in the generative adversarial network consist of
separate multilayer network structures. In generative adversarial networks, noise (random
input) is input to the generator, which adjusts the noise and ultimately outputs enhanced
data of the same dimension as the sample lithological profile data. A data input is given to
the discriminator, which may come from either amplified or sample data generated by the
generator, and the output predicts and identifies whether the input data are amplified or
sample data. The adversarial game in the adversarial generative model can be mathemati-
cally represented by discriminating between the discriminant function D(x) : Rn→ [0, 1]
and the objective function of the generative function G : Rd→ Rn in terms of great minima.
The generator transforms the random sample z ∈ Rd distribution γ into the generated
sample G(z). The discriminator needs to distinguish it from the training samples from the
distribution µ. G(z) as far as possible, and the generated samples are similar in distribution
to the sample data, and the target loss function of the adversarial generative network is
shown below.

V(D, G) = Ex∼µ[logD(x)] + EZ∼γ[log(1− D(G(z)))] (1)

Its formula, E, denotes the expected value of the specified distribution in the subscript,
and the description of the minimal maximal value in the generative adversarial network is
shown below.

min
G

max
D

= Ex∼Pdata(x)[logD(x)] + Ez∼pz(z)[log(1− D(G(z)))] (2)

In the equation, E represents entropy, x ∼ Pdata(x) represents x from the true data dis-
tribution of Pdata, z is random noise, pz represents the distribution of the noise, G is the
discriminator, and D is the discriminator. This is because the raw numbers of the input
are lithological section profile data extracted by specialisation. Considering that taking the
data logarithmically does not change the relative relationship between the data, the addi-
tion of log to the equation can be used to amplify the loss and facilitate calculation and
optimisation. The parameter V is found by defining a very large and very small alternating
optimization.

V = Ex∼Pdata(x)[logD(x)] + Ex∼pG [log(1− D(x))]

=
∫

x
Pdata(x)logD(x)dx +

∫
x

PG(x)log(1− D(x))dx

=
∫

x
[Pdata(x)logD(x)dx + PG(x)log(1− D(x))]dx

(3)

Equation (4) can be obtained by deriving D. It is always possible to find a good
discriminator to distinguish between the real data and the generated data.

D∗(x) =
Pdata(x)

Pdata(x) + PG(x)
(4)

Bringing the optimal discriminator D∗ into the equation of the original Generative
adversarial networks, the following derivation is obtained.

maxV(G, D) = V(G, D∗)

= Ex−Pdata [log
Pdata(x)

Pdata(x) + PG(x)
] + Ex−PG [log

PG(x)
Pdata(x) + PG(x)

]

= −2log2 +
∫

x
Pdata(x)log

Pdata(x)
(Pdata(x) + PG(x))/2

dx +
∫

x
PG(x)log

PG(x)
(Pdata(x) + PG(x))/2

dx

= −2log2 + KL(Pdata(x)||Pdata(x) + PG(x)
2

) + KL(PG(x)||Pdata(x) + PG(x)
2

)

(5)

By using the generator G and the trained discriminator D∗ as input, the maximization
formula V is obtained. Through this learning method, a distribution close to the original
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data distribution can be learned, avoiding the computational complexity of the great
likelihood estimation in the calculation and improving the identification effect of the
discriminative model of the generative adversarial network.

Although generative adversarial networks are good at handling studies with small
sample data, data volume is still the key to training identification accuracy. For this reason,
in this paper, based on the traditional generative adversarial network pair, the gas field
exploration data with a relatively large data volume is applied to the gas exploration area
with sparse exploration data volume by a transfer learning algorithm with the expectation
that the borehole fluvial facies identification method trained based on larger data volume
will be applied under the same geological conditions. The main purpose of transfer learning
is to take advantage of similarities between data, tasks, or models and apply models and
knowledge learned in a specific domain to a new one. In this paper, the learning method
based on the genesis phase of the drilled river uses an instance-based migration method,
and the logical architecture of river genesis against transfer is shown in Figure 2.

Figure 2. Adversarial transfer learning framework structure.

Borehole fluvial facies transfer learning is characterized as follows.

f ∗ = argmin
f∈H

1
Ns

∑Ns
i=1 l(vi f (xi), yi) + λR(T(Ds), T(Dt)) (6)

Vi ∈ [0, 1], NS is the number of samples in the source domain, T is the feature transfor-
mation function acting on the source domain, and the sample weights V are introduced in
the formula, and the mean needs to be updated to a weighted mean accordingly. In this
paper, specific regularisation terms are added to the objective function of the adversarial
transfer model based on borehole fluvial facies data characteristics, and under a unified
representation, transfer learning is generalised to the problem of finding suitable transfer
regularisation terms. The overall objective function for adversarial transfer is as follows.

min
G,C

max
D

Lsrc(G, C)− λ

Ns + Nt
∑Ns+Nt

i=1 Ld(D(G(xi), di)) (7)

The purpose of the input source domain data and target domain data for adversarial
transfer learning is to extract domain-invariant features from the source and target domains
using minimal-extreme training with the aid of the object source’s conditional discriminator
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(D) through the deposition layer feature extractor. Lsrc(G, C) is the cross-entropy loss
function for the source domain samples, and the second term is the adversarial loss, where
λ is the balance parameter between the cross-entropy loss and the adversarial loss in the
source domain. In addition, Ld is a dichotomous supervised cross-entropy loss function,
and di represents the domain labels of the source and target domains, with a domain label
of 0 for the source domain and a domain label of 1 for the target. The discriminator expects
to distinguish as much as possible between features in the source domain and features
in the target domain, while the feature extractor expects to extract the domain common
features between the source and target domains to confuse the discriminator’s judgement.
Through the minimal great optimization of the discriminator and the feature extractor,
combined with the training of the classifier, the knowledge transfer of the adversarial
generative identification method of borehole fluvial facies is finally achieved.

3. Verification and Application
3.1. Case Study

Located in the north-central part of the Ordos Basin in China’s Inner Mongolia Au-
tonomous Region, the Sulige gas field has a total natural gas resource of 3.8 trillion cubic
metres, has been under extensive exploration since 1999, and is relatively mature in its
development [17–20]. The Hangjinqi gas field in the Inner Mongolia Autonomous Region
is located to the north of the Sulige gas field and has a distinct location difference, being
later than the Sulige gas field in terms of development. Exploration has revealed that box 1
of the Shihezi Formation in the Hangjinqi gas field is dominated by rocky quartz sandstone,
which makes borehole fluvial facies identification more difficult due to the influence of the
sandstone skeleton on logging information and the fact that the logging response of dense
sandstone gas formations is different from that of conventional reservoirs. The regional
location distribution of the Sulige gas field and Hangjinqi gas field is shown in Figure 3.

Figure 3. Classification of fluvial facies in core.

The Sulige gas field and the Hangjinqi gas field have undergone similar geological
evolutionary processes and have nearly identical geological elements such as physical
sources and sediment supply, which are of great comparative reference value [21,22]. In this
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paper, the Sulige gas field is chosen as the source domain for data transfer and the Hangjinqi
gas field as the target domain for data migration. The classification of borehole fluvial
facies in the core profiles of the Sulige gas field (Shihezi formation, box 8 member) is shown
in the map (Figure 4).

Figure 4. Classification of borehole fluvial facies in core profiles of Sulige gas field (Source
domain, partial).

Since the Hangjinqi gas field was developed later than the Sulige gas field, the borehole
fluvial facies data from the more mature Sulige gas field were used as the source domain
to train the borehole fluvial facies identification method. Then, the trained model was
applied to the borehole fluvial facies identification analysis of the Hangjin gas field. The
classification of borehole fluvial facies in core profiles of Hangjinqi gas field (Shihezi
formation, box 1 member) is shown in the map (Figure 5).
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Figure 5. Classification of borehole fluvial facies in core profiles of the Hangjinqi gas field (Target
domain, partial).

According to the method discussed in Section 2 of this paper, borehole fluvial facies
identification learning was performed on the lithology data, and the data with near-realistic
lithology profile features were trained to obtain the final identification results with high
confidence through continuous training.

3.2. Borehole Fluvial Facies Identification Method

In order to obtain more accurate identification results, this paper uses alternating
very large and very small optimization based on Equations (4)–(6) to find the parameters
to find the optimal discriminator. A random vector of size 100 is converted to an array,
and the resulting array is expanded to a 255× 255× 3 array, using a non-linear activation
function to influence the sparsity of the generative adversarial network, reducing the
interdependencies between parameters and alleviating overfitting conditions. In this paper,
the identification effect of landslide states is measured by accuracy and loss value. Accuracy
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reflects the correct degree of state identification during training and validation, and the
accuracy function is y = a/b, where a is the number of correct predictions and b is the total
number; loss value is used to assess the degree of agreement between predicted and true
values, and the formula for the loss value function is shown below.

H(y−, y) = −∑ y− ∗ lny (8)

where y is the predicted value and y_ is the true value. The discriminator network
is defined as a real image and 64 × 64 generated images are classified. A network is
created that accepts 64× 64× 3 images, and a series of convolution layers with batch
normalization is used to return a scalar prediction score to add noise to the input image.
For the discriminator, the number of filters in each layer increases. Finally, according
to Formulas (6) and (7), the data knowledge of the objective function for generating the
countermeasure network is transferred.

3.3. Borehole Fluvial Facies: Identification of Results and Validation

With the borehole fluvial facies identification method, different types of rocks within
the same geological period of sedimentation, such as fine sandstone, coarse sandstone,
siltstone and mudstone, are marked differently according to the lithological data. This is to
construct the borehole fluvial facies discriminator filter layer and design the discriminator
based on the realisation of the lithological characteristics. Of all the monitoring data, 70%
of the sample data were selected for training in generative adversarial networks and the
remaining 30% were selected for validation. Based on the extracted drilling profiles for
knowledge learning, the river genesis phases were classified into three categories, channel
subfacies, levee subfacies, and flood plain subfaices, and the training accuracy, training
loss ratio, validation accuracy, and validation loss values were compared, as shown in the
figure below.

As can be seen from Figure 6, the borehole fluvial facies identification method can
basically discriminate the monitoring data accurately after 30 iterations, and the borehole
fluvial facies discrimination accuracy reaches 100%. The accuracy of the discriminator on
the augmented data generated by the generator also increases as the number of iterations
of the adversarial transfer network continues to increase, and the discrimination accuracy
is as high as 97.06% at the 50th iteration. As can be seen from Figure 7, the borehole fluvial
facies identification training validation loss value decreases as the number of iterations
increases, and the training loss value gradually stabilises after the iterations, indicating
that the identification rate of the borehole fluvial facies identification method is high and
presents a low validation loss value, and the augmented data generated by the borehole
fluvial facies identification method conforms to the features present in the original state
data, proving the feasibility of the method to generate augmented data. As can be seen from
Figure 8, the accuracy of the borehole fluvial facies identification method using monitoring
data as the dataset for borehole fluvial facies category discrimination tends to stabilise
after several iterations. When the borehole fluvial facies identification method uses the
amplification data generated by the borehole fluvial facies generator and the monitoring
data as the dataset, the discrimination accuracy of the borehole fluvial facies identification
method increases with the number of iterations and reaches 80% at 50 iterations. As can be
seen from Figure 9, the borehole fluvial facies identification verification loss value decreases
continuously with the increase in the number of iterations and shows a decreasing trend,
indicating that the borehole fluvial facies identification method has a high identification ac-
curacy and presents a low verification loss value, which meets the requirement of the target
value of the objective function and can be used for borehole fluvial facies identification.
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Figure 6. Training accuracy comparison.

Figure 7. Training loss value comparison.
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Figure 8. Verification accuracy comparison.

Figure 9. Verification loss value comparison.

In order to verify the training accuracy of the river genesis phase adversarial generative
learning algorithm, this paper compares the training generated borehole fluvial facies
generative adversarial network identification method with the K-Means algorithm [23–25]
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and the convolutional neural networks learning model [26,27], respectively. The k-mean
clustering algorithm is an iterative solution clustering analysis algorithm; its steps are pre-
dividing the data into K groups, then randomly selecting K objects as the initial clustering
centres, followed by calculating the distance between each object and each seed clustering
centre, and then assigning each object to the nearest clustering centre to it. The cluster
centres and the objects assigned to them represent a cluster, and for each sample assigned,
the cluster centres are recalculated based on the existing objects in the cluster, and this
process is repeated until some termination condition is met. The termination condition is
that the minimum number of objects is reassigned to a different cluster, no cluster centres
change again, and the error sum of squares is locally minimal. The borehole fluvial facies
identification process uses the core profile data as input features to the convolutional
neural network and then feeds the learning data into the feedforward neural layer of the
convolutional neural network, normalising the input and other two-dimensional pixel data.
Convolutional neural networks rely heavily on convolutional and pooling layers to extract
data features when processing data. When dealing with small sample problems, it is not
possible to extract the features needed for the task from small samples through training.
In contrast to k-means and convolutional neural networks, generative adversarial networks
are able to process the data in a way that generates generative data that closely resemble
the original data sample, following the characteristics of the real data. The algorithmic
strategy using generative adversarial networks allows for a quantitative expansion of the
original dataset, solving the problems caused by insufficient original data and improving
recognition accuracy [28]. Table 1 shows the application of these four methods to the
Hangjinqi gas field project, which are all limited by the number of wells drilled to an initial
training sample size of 16. Among the four methods, the K-means and convolutional neural
networks have no sample generation capability and can only use the initial 16 samples
to train the relevant network, and the final result is not satisfactory. The total number of
samples after the latter two methods were applied generated samples and excluded some
from meeting the study requirements by means of discriminators. The total number of
training samples is 961 and 856 in total, which can achieve good training accuracy at the
end of training. The maximum number of iterations used in this study is the maximum
number of times the algorithm converges. The convergence criterion is a general one;
i.e., the recognition accuracy of the network does not change after a number of training
sessions. As can be seen from Table 1, the borehole fluvial facies data learning with the
transfer learning method exhibited the best results in terms of training accuracy.

Table 1. Results of the identification algorithm of the genesis of the river.

Algorithm Total Number of
Original Samples

Total Number of Training Samples
after Generation of Samples

Maximum Number
of Iterations

Training
Accuracy

k-means 16 16 (no sample generation capability) 100 62%

convolutional neural
networks 16 16 (no sample generation capability) 100 64%

borehole fluvial facies
data learning without

transfer learning
16 961 100 81.58%

borehole fluvial facies
data learning with
transfer learning

16 856 50 94.74%

Figure 10 shows a comparison of four different strategies for borehole fluvial fa-
cies identification. The vertical variables in the graph represent identification accuracy.
The accuracy of each method is demonstrated for three specific borehole fluvial facies
identification types, channel subfacies, levee subfacies, and flood plain subfacies.
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Figure 10. Comparison of algorithm identification accuracy.

Based on the results in Figure 10, it is clear that all four methods perform well in
terms of channel subfacies identification accuracy. For levee subfacies identification accu-
racy, borehole fluvial facies data learning with transfer learning identification accuracy is
the highest, and the convolutional neural networks identification accuracy is only 47%.
For flood plain subfacies, all methods other than K-means achieve a high identification
accuracy. In summary, it can be found that borehole fluvial facies data learning with transfer
learning has a higher accuracy and reliability for borehole fluvial facies identification.

In order to verify the effectiveness of the borehole fluorescent facilities identification
method in actual engineering operations, this paper compares the identification results
of the borehole fluvial facies judgment identification model with the sandstone content
distribution map of Hangjinqi exploration area in the scientific research project achievement
report of Sinopec North China Branch, as shown in Figure 11.

Figure 11. Borehole fluvial facies distribution map of the Hangjinqi gas field in the Ordos Basin.
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In this paper, the marker information in Figure 11 is compared with the identification
results of the borehole fluvial facies identification method. Based on the results of the
comparison, it was found that Jin_4, Jin_9, Jin_53, and Jin_123 show significant differences.
The four disputed borehole fluvial facies identification results were verified by inviting
experts into the field, and according to the results, the borehole fluvial facies identification
results were found to be more accurate.

The content shown in Table 2 is compared using borehole fluvial facies identification
method with the borehole fluvial facies identification results from the sandstone content
distribution map of the Hangjinqi gas field in the Ordos Basin produced by the project
mining unit. As can be seen from Figure 11, Jin_9 and Jin_53 are misidentified channel
subfacies and levee subfacies, and Jin_4 and Jin_123 are misidentified flood plain subfacies
and channel subfacies. The discussion with relevant experts to identify the subfacies
concluded that Jin_9 and Jin_53 are levee subfacies and Jin_4 and Jin_123 are channel
subfacies with a high sandstone content.

Table 2. Location difference of channel facies sediments in a fluvial facies sand-bearing map.

Exploration Well Number The True Location of
the Identification

Position of the Markers in
Figure 11

Jin_4 channel subfacies flood plain subfacies

Jin_9 levee subfacies channel subfacies

Jin_53 levee subfacies channel subfacies

Jin_123 channel subfacies flood plain subfacies

4. Discussion

This paper constructs a borehole fluvial facies identification method and validates the
accuracy of borehole fluvial facies identification through generative adversarial networks,
with the ultimate aim of achieving accurate identification and classification of borehole
fluvial facies with a limited amount of core data.

In the borehole fluvial facies identification method, the core data can be filtered to
improve the borehole fluvial facies classification accuracy and reduce the classification
difficulty. However, the sample data sampling size still has an impact on the training effect
of borehole fluvial facies recognition and the generation adversarial network. In addition,
the method is currently studied only for natural gas fields in the same geological conditions,
while the identification effect of borehole fluvial facies for natural gas fields in different
geological conditions has not been verified, and the method has some limitations in terms
of generalisability. Understanding how to improve the pervasiveness of borehole fluvial
facies for accurate identification and the borehole fluvial facies identification method in
exploration areas will be an important direction to explore in subsequent research.

The main advantage of the borehole fluvial facies identification method proposed
in this paper is that it can compensate to the maximum extent for the practical situation
of traditional borehole fluvial facies learning identification algorithms. This is due to the
fact that this method does not require large samples of training data. The method is a
good solution to the phenomenon of poor algorithm identification accuracy caused by
insufficient data; it is a new research method and provides a new perspective for thinking
about borehole fluvial facies feature analysis and machine identification.

5. Conclusions

The borehole fluvial facies identification method proposed in this paper is able
to learn borehole fluvial facies lithology data through generative adversarial networks.
It successfully applies the learning results to the borehole fluvial facies classification
and identification process in the same geological conditions by extracting core features.
The method has been validated to maximise the closeness of the augmented features gen-
erated by the generator network to the real sample results and significantly improves the
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effectiveness and accuracy of borehole fluvial facies identification. In addition, the borehole
fluvial facies identification method showed low error and high accuracy in borehole fluvial
facies identification based on a small amount of sample data, indicating that the method
has a good identification effect on landslide state classification. The borehole fluvial fa-
cies identification method method proposed in this paper has reference value for actual
engineering practice and can be directly applied to engineering practice.

Due to the limitations of the exploration area range and stratigraphic features of
natural gas fields, borehole fluvial facies identification method still has some limitations
in its universality for borehole fluvial facies identification. Understanding how to further
improve the universality of borehole fluvial facies identification method will be the main
exploration direction for subsequent research.
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