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Lithofacies identification

Identifying lithofacies plays a central role in studying sandbody architecture and reservoir quality in fluvial
reservoirs. Logging data is widely considered the most effective method for identifying subsurface lithofacies.
Many machine learning methods have been developed to automatically identify lithofacies by analyzing the
value or patterns of well logs. However, poor generalization of many classification models has resulted from a
lack of exploration into the intrinsic relationship between lithofacies characteristics, data distribution charac-
teristics, and classification model applicability. To address this problem, we conducted research on core
description, logging curve sampling processing for layer data, and lithofacies identification using gaussian
mixture model (GMM) and back-propagation neural network (BPNN) for a tight sandstone reservoir in the
northern part of the Sulige gas field. We investigated the relationship between lithofacies characteristics, logging
data distribution, and the performances of machine learning classification models. Based on this relationship, we
developed a gaussian mixture model-backpropagation neural network hybrid classification model (GMM-BPNN).
The results indicate that the logging curve sampling method reduced deviation caused by adjacent lithofacies
influence, and made the lithofacies characteristics constrain the distribution characteristics of logging data, thus
improving the application of GMM and BPNN. We observe that the distribution of logging data becomes more
centralized as the thickness of certain lithofacies increases, thus improving the performance of the GMM
applicable to the classification of centrally distributed data. Conversely, the distribution of logging data becomes
more discrete as the thickness of certain lithofacies decreases, thus improving the performance of BPNN appli-
cable to the classification of discretely distributed data. Furthermore, the GMM-BPNN (with an F1-score of 0.95)
outperformed individual GMM (F1-score of 0.76) and BPNN (F1-score of 0.77). The hybrid classification model
also shows better outcomes in the identification of complex lithofacies in other areas.

1. Introduction

Lithofacies, serving as a fundamental unit for characterizing the
composition of sedimentary material and sedimentary structure under
varying hydrodynamic conditions, profoundly influences the petro-
physical properties of reservoirs. Therefore, the identification of lith-
ofacies plays a central role in the study of sandbody architecture and
reservoir quality in fluvial reservoirs (Allen, 1983; Miall, 1985; Avseth
and Mukerji, 2002; Zengzhao et al., 2013; Colombera and Mountney,
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2019; Aigbadon et al., 2022; Fu et al., 2022; Iraji et al., 2023a; Tan et al.,
2023; Zhao et al., 2023; Soltanmohammadi et al., 2024). Currently, core
observation and logging data analysis are the primary methods
employed to determine subsurface lithofacies types. Typically, the most
direct and effective approach involves drilling cores and conducting
detailed visual inspections. However, this method can be costly and
limited in terms of depth range, given that observations are confined to
the core section, resulting in a lack of continuity across the entire well
section (Chang et al., 2000; Li and Anderson-Sprecher, 2006; Sun et al.,
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2019; Lan et al., 2021; Iraji et al., 2023b). Hence, the most efficient
approach for identifying subsurface lithofacies involves the utilization of
logging data (Zhou et al., 2016; Wood, 2019; Li et al., 2022).

Numerous logging techniques have been extensively employed for
the identification of subsurface lithofacies. These techniques include
conventional logging methods, such as natural gamma logging, acoustic
logging, and resistivity logging (Allen, 1975; Asquith and Krygowski,
2004; Yue et al., 2015; Nazeer et al., 2016; Xu et al., 2018; Shen et al.,
2019; Shehata et al., 2021). Additionally, specialized logging techniques
such as image logging and dipmeter logging are also utilized for this
purpose. The identification of subsurface lithofacies using data from
conventional logs and methods, including reconstructing lithofacies
characteristics from multiple logs and utilizing histograms or cross plots,
has gained wide acceptance and application in the field (McDowell,
1999; Liu et al., 2020; Li et al., 2022; Wang et al., 2023). Specialized
logging techniques, including dipmeter log for identifying lithofacies
types and image log for visualizing lithofacies, have been successfully
utilized for the identification of subsurface lithofacies (Lai et al., 2018;
El-Gendy et al., 2022; Hassan et al., 2022). Nevertheless, the methods
above do have several shortcomings. They may exhibit lower accuracy
when identifying complex types of lithofacies, require significant
workload and time investment, incur high costs, and are susceptible to
potential human errors resulting from subjective factors introduced by
geologists (Rider, 1990; Radwan, 2020; Wang et al., 2023).

Machine learning (ML) algorithms have been widely studied for
lithofacies identification in recent years, resulting in partial solutions to
certain problems. Several machine learning algorithms, including arti-
ficial neural network (ANN), support vector machine (SVM), random
forest (RF), adaptive boosting (AdaBoost), hidden markov models
(HMMs), and convolutional neural network (CNN), have been exten-
sively employed in lithofacies identification with successful outcomes
(Harris and Grunsky, 2015; Bhattacharya et al., 2016; Bestagini et al.,
2017; Imamverdiyev and Sukhostat, 2019; Al-Mudhafar, 2020; Lan
et al., 2021). It is evident that as research continues, more and more
machine learning algorithms are being used to improve the accuracy of
complex lithofacies identification. However, such research trend grad-
ually raises the computer technology barriers for geological researchers
and reduces the practical usability of complex machine learning classi-
fication models. The increasing reliance on the superiority of
machine-learning models for solving lithofacies identification problems
has led to a lack of research on the intrinsic connection between lith-
ofacies characteristics and the applicability of machine learning classi-
fication models. As a result, there are still numerous limitations in the
application of machine learning classification models in the actual
reservoir description work, which is limited by the differences in
geological background (Jordan and Mitchell, 2015; Cherana et al.,
2022). Two factors that may affect the effectiveness and generalizability
of applied machine learning models are as follows: 1) The characteristics
of lithofacies can influence the distribution of logging data. Each logging
point on the logging curve is a weighted sum of the logging responses of
neighboring sediments, and the acquisition of logging data may be
affected by the thickness of the lithofacies, which leads to the deviation
of the logging data collected by the instrument from its true value, and
the noise data is introduced, which in turn leads to the large difference in
the distribution characteristics of the logging data of different types of
lithofacies (Lindberg et al., 2015; Chen et al., 2021; Tian et al., 2021; Li
et al., 2022; Lu et al., 2023; Wang et al., 2023). Consequently, different
lithofacies thicknesses can lead to distinct distributions of associated
logging data. When the amount of labeled data is large, more noisy data
will result in lower performance of a single classification model. How-
ever, when there is less labeled data, the classification model may not be
able to fit adequately, which leads to a lower performance of the single
classification model. 2) The performances of classification models is
influenced by the distribution of data (Sancho et al., 2000; Gyori et al.,
2022; Paiva et al., 2022; Banerjee et al., 2023; de Amorim et al., 2023;
Ramirez et al., 2023). When the differences between classes are small
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and the data are centralized distributions, generative classification
models rely on stable class-conditional probability distributions within
the data and benefit from the smoothing effect of the model itself.
Consequently, they tend to exhibit better classification performances
compared to discriminative classification models (Theodoridis, 2015;
Loog, 2018; Langer et al., 2020; Gonzalez-Prieto et al., 2022). On the
other hand, when the differences between classes are small and the data
are discrete distributions, discriminative classification models excel by
directly learning the classification decision function from the data and
adapting to changes in the data distributions. As a result, they often
demonstrate superior classification performances in such cases (Rubin-
stein and Hastie, 1997; Xue and Titterington, 2009, 2010; Cavalcanti
and Soares, 2020). In practical research, different areas often exhibit
different lithofacies types, lithofacies characteristics, and logging reso-
lution, thus the data distribution characteristics are often different,
which leads to the established machine learning classification model
that may not apply to other areas, reducing the generalizability of the
established model. Combining the above two factors, an understanding
of how lithofacies characteristics influence the distribution of logging
data can help identifying the distribution pattern of logging data. This
enables the effective selection of an appropriate machine learning
classification model andthe establishment of the model can be applied to
complex lithofacies characteristics and is easily generalizable.

Considering the limitations of prior research, this study employs
coring and logging data collected from an area located in the northern
part of the Sulige gas field to establish a layer dataset using a logging
data sampling method with feature engineering that reduces interfer-
ence from the adjacent lithofacies. Based on the data in the layer data
set, first, the influence of lithofacies characteristics on the distribution
characteristics of logging data and the controlling factors are discussed
in detail. Then, a basic generative model gaussian mixture model (GMM)
and a basic discriminative model back propagation neural network
(BPNN) are selected to study the influence of data distribution features
on the performances of classification models. Finally, the relationship
between lithofacies characteristics, data distribution characteristics and
classification models’ performances are further investigated. In addi-
tion, based on the results of the discussion, a hybrid classification model
called gaussian mixture model-backpropagation neural network hybrid
classification model (GMM-BPNN), which applies to reservoirs with
different lithofacies characteristics, has been developed for the identi-
fication of lithofacies in the study area and other areas. This study places
greater emphasis on the impact of geological characteristics on data
distribution characteristics, and the application of different principles of
machine learning algorithms to geological targets with different char-
acteristics, rather than relying on the superiority of a single classification
model, this way of establishing a hybrid classification model clearly
articulates the intrinsic connection between the geological units to be
identified and the identification method, which compensates for the
shortcomings of the previous studies and provides an effective modeling
thinking for the study of using machine learning to identify other
geological units. Additionally, the study established a hybrid classifi-
cation model that is not only applicable to the study area with more
labeled data but also achieves good results in other study areas with less
labeled data.

Section 2 describes the geological background of the study area and
data sources. Section 3 describes all the methods used in the study.
Section 4 shows the lithofacies types and characteristics of the study
area, the distribution characteristics of various lithofacies layer data,
and the performances of two machine learning classification models.
Section 5 discusses the relationship between lithofacies characteristics,
layer data distribution characteristics, and the performances of classi-
fication models, and establishes the GMM-BPNN, emphasizing its su-
periority and generalizability in lithofacies classification. Finally,
Section 6 summarizes the study and make recommendations for further
research and future work.
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2. Data sources
2.1. Geological background

The core and logging data utilized in this study were collected from
the northern area of the Sulige gas field, located in the Ordos Basin in
central China (Fig. 1a and b). The key gas-producing strata in the study
area consist of the Upper Paleozoic Permian He8 Member and Shanxi
Formation (Fig. 2a). These formations represent near-source fluvial
facies characterized by significant sedimentary hydrodynamics. The
reservoir primarily comprises sandy sediments associated with
meandering river and braided river systems (Yang et al., 2008; Guo
et al., 2015; Liu et al., 2016; Wang et al., 2017). Within the coring
section, the main sedimentary facies include the meandering river
channel, braided river channel, point bar, and channel bar (Fig. 2b).

2.2. Data sources

The study area comprises a total of 900 completed wells, of which 63
core wells are evenly distributed across the area (Fig. 1c). The core and
logging data are mainly from the main gas-producing strata within the
study area, namely, the Upper Paleozoic Permian He8 member and
Shanxi Formation. All wells are equipped with conventional logs,
including the spontaneous potential log (SP), gamma ray log (GR),
caliper log (CAL), acoustic log (AC), bulk density log (DEN), neutron
porosity log (NPHI), deep resistivity log (RLLD), lateral resistivity log
(RLLS), and photoelectric factor log (PE). The original resolution of each
logging curve is detailed in Table 1.

3. Methods

The research and process of establishing the hybrid classification
model in this study can be divided into three steps (Fig. 3): (1) Data set
preparation. First, the actual core is described to obtain the lithofacies
type, then the core corresponds to the logging curves based on the depth
and is sampled to establish the layer data, and finally, the layers are
normalized and screened for features. (2) Analyzing the lithofacies
based on core description, the characteristics of layer data distribution
based on data sampling, the performances of classification models based
on feature engineering, and finally exploring the interrelationships
among the three analytical results to conclude. (3) Based on the results
of analysis and discussion, the GMM-BPNN is established.
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3.1. Data sampling method

Each recorded value of logging curves is a weighted summation of
the adjacent sediments’ logging responses (Lindberg et al., 2015; Tian
et al.,, 2021). Therefore, a data sampling method to minimize the in-
fluence of adjacent sediments on the logging data is built in this study.
The data acquired by this sampling method are defined as "layer data".
Fig. 4 illustrates the operational flow of this method, including the
following steps: (1) Identifying the peaks and troughs of the GR logging
curve of the target layer using the “find peaks” function. Recording the
corresponding depth values; (2) Calculating the mean depth of the
neighboring peaks and troughs. This mean depth represents the
top-bottom depth of the layer to be identified; (3) Using the distance
from the peaks to the top-bottom depth of a specific layer as a weighting
factor. Calculating the weighted mean of each logging curve within the
layer. This resulting weighted mean represents the layer data.

3.2. Feature engineering

3.2.1. Data normalization
To eliminate the influence of the order of magnitude and unit of the
original logging data, the linear function normalization method is
employed. This method linearly transforms the layer data, mapping the
results to the range of 0-1, thereby achieving equal scaling of the layer
data. The layer data from the linear normalization process are defined as
GRn, SPn, CALn, Acn, RHOBn, NPHIn, RLLDn, RLLSn, and PEn,
respectively. The normalization formula is as follows:
X, = X Xmin 6))
Xmax — Xmin
here, x, is the normalized value of x, x is the original value of x, xp;y is
the smallest value of x in the dataset, and xmayx is the largest value of x in
the dataset.

3.2.2. Analysis of variance

To evaluate the level of differentiation among different types of
logging data for each lithofacies, one-way analysis of variance (ANOVA)
and effect size analysis (ESA) were conducted on each type of logging
data (Cohen, 1977; Chen et al., 2022). One-way ANOVA is a kind of
ANOVA that is used to help measure the impact of a feature on a target
class in ML tasks. One-way ANOVA calculates a score for all features and
then selects the features with the highest scores (Omer Fadl Elssied et al.,
2014; Alassaf & Qamar, 2022). For the one-way ANOVA in this study,
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Table 1
Resolutions of all conventional logging curves in the study area.
Well logs GR SP CAL AC RHOB NPHI RLLD RLLS PE
Resolution/m 1.00 2.00 1.00 1.00 1.00 0.60 0.60 1.00
the sum of squares between groups (SSB), the sum of squares within data.

groups (SSE), degrees of freedom, F-value, and P-value were calculated.
Based on the parameters calculated by one-way ANOVA, two effector
parameters, Partial nz and Cohen’s f, were further selected and calcu-
lated to analyze the differences among the normalized logging data of
different types of lithofacies. To calculate Partial n*> and Cohen’s f for the
layer data for each lithofacies, it is necessary to calculate the sum of SSB
and the total sum of squares (SST). The formulas of SSB and SST are as
follows:

SSB ==t (X, - Xr)’ 2
Here i is the serial number of a particular type of layer data (i=1, 2, ...,
k), n; is the total number of layer data of a particular type, X; is the mean

of the jth set of lithofacies layer data in this type of layer data, X7 is the
mean of all lithofacies data in this type of layer data.

SST = = = (X, — Xr)° 3)

here Xj; is the value of the jth lithofacies layer data in the ith type of layer

The formulas of Partial 12 and Cohen’s f are as follows:

SSB
Partial i* = ST 4

(5)

. Partial n?
Cohensf:Sqrt( artial )

1 — Partial n?

When utilizing Partial 2 to denote effect size, the thresholds for dis-
tinguishing small, medium, and large effect sizes are 0.01, 0.06, and
0.14, respectively; Cohen’s f to denote effect size, the thresholds for
distinguishing small, medium, and large effect sizes are 0.1, 0.25, and
0.40, respectively (Cohen, 1977; Rudstam et al., 2022; Zhou et al.,
2022). These thresholds serve as guidelines to interpret the magnitude of
the effect sizes observed in statistical analyses.

3.2.3. Pearson correlation analysis
In this study, to prevent the classification model from encountering
issues related to dimensionality and to enhance the efficiency of model
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training, pearson correlation analysis is employed to explore the re-
lationships among the logging data (Pearson and Henrici, 1997; Rafik
and Kamel, 2017). The formulas of the pearson correlation coefficient
are as follows:

_cov(X,Y)

pX, Y)*Tay ©)

here p(X, Y) is the pearson correlation coefficient between data X and
data'Y, cov(X, Y) is the covariance of data X and data Y, 6x and oy are the
standard deviations of data X and data Y, respectively.

3.3. Data visualization

In this study, frequency distribution histograms, frequency distri-
bution density curves, and box plots were used to visualize the data and
characterize the distribution of the data.

3.3.1. Frequency distribution histogram

A frequency distribution histogram is a graphical representation of
data that divides it into intervals and shows the frequency of data points
within each interval. It has the advantage of being able to visualize the
distribution of the data at different intervals in a clear way.

3.3.2. Frequency distribution density curves

A probability density curve, which is a vital statistical tool, provides
a visual representation of the probability distribution for continuous
random variables through a smooth and uninterrupted line. This rep-
resentation possesses the advantage of conveying complex probability
structures with clarity and concision. The precise measurement of the
probability that the random variable falls within a specified range is
offered by the area beneath the curve.

3.3.3. Box plots

A box plot, which is also referred to as a box-and-whisker plot, is a
succinct graphical diagram utilized in statistics to exhibit the distribu-
tion as well as the significant summary statistics of a given dataset. It
consists of a rectangular box spanning the interquartile range (IQR) of
the data, with a line inside the box representing the median. Box plots
offer advantages, including the ability to provide a rapid and informa-
tive visual summary of a dataset’s central tendency, spread, and outlier
presence.

3.4. Statistical measures

In this study, the quantitative analysis of data dispersion was con-
ducted using standard deviation (o), kurtosis (K), group spacing (GS),
and a newly developed parameter, K divided by GS (K/GS).

3.4.1. Standard deviation

Standard deviation (o) is a statistical measure that quantifies the
extent of variability or dispersion within a dataset. It calculates the mean
deviation of individual data points from the dataset’s mean, providing a
numerical indicator of the data’s spread. The advantages of using
standard deviation for data analysis include its ability to offer a precise
and quantitative measurement of dispersion.

3.4.2. Kurtosis

Kurtosis (K) is a statistical measure that quantifies the degree of
peakedness or flatness of a probability distribution, indicating how data
clusters around the mean and whether it has more or fewer extreme
values (outliers) than a normal distribution. The advantages of using
kurtosis for data analysis include its ability to provide insights into the
shape of a distribution and the presence of outliers.

Geoenergy Science and Engineering 233 (2024) 212587

3.4.3. K/GS

Kurtosis may not precisely depict the traits of various data classes
within the same data range because of its dependency on group spacing
(GS) during calculation. However, to eliminate this influence and ach-
ieve a more precise reflection of the concentration and dispersion of
each type of data within the same data range, K divided by GS (K/GS)
was developed.

3.5. Evaluation metrics

The model’s classification results for the lithofacies identification
multi-classification problem were evaluated using a confusion matrix.
This matrix includes the following metrics: true positive (TP), false
positive (FP), false negative (FN), and true negative (TN). These metrics
represent the number of positive samples correctly identified, the
number of negative samples incorrectly identified as positive samples,
the number of positive samples incorrectly identified as negative sam-
ples, and the number of negative samples correctly identified, respec-
tively (Table 2) (Shen and Liu, 2019; Bressan et al., 2020). In this study,
TP, FP, FN, and TN were used to calculate precision, recall, and F1-score.
These metrics were employed to evaluate the classification results of the
classification model.

Precision is an evaluation of the predicted results and represents the
proportion of true positives out of all positive predictions. The formula is
as follows:

TP

TP + FP 7)

Precision =

Recall is an evaluation of the original sample and represents the
proportion of positive samples that are correctly identified. The formula
is as follows:

TP

Recall=—————
TP + FN

®

The F1-score (F1) is a metric that combines precision and recall into a
single value, providing a balanced evaluation of the model’s perfor-
mance. It is a weighted mean of precision and recall, with a maximum
value of 1 and a minimum of 0. The formula is as follows:

Precision-Recall
Precision + Recall

Indeed, higher values of precision, recall, and Fl-score indicate

better classification results for the classification model.

3.6. Machine learning classification models

Generative and discriminative models exhibit varying degrees of
applicability depending on data distribution characteristics (Rubinstein
and Hastie, 1997; Xue and Titterington, 2010; Ramirez et al., 2023).
Hence, in this study, a representative generative model, gaussian
mixture model (GMM), and a typical discriminative model,
back-propagation neural network (BPNN), are selected to classify lith-
ofacies with diverse data distribution characteristics, aiming to attain
optimal classification results.

3.6.1. Gaussian mixture model
The GMM is a commonly used generative model and clustering al-
gorithm (Melnykov and Maitra, 2010; Rayens, 2012; Kiasari et al., 2017;

Table 2
Confusion matrix for multi-classification data.

Results of classification

Positive class Negative class

Positive class TP FN
Negative class FpP TN
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Jiao et al., 2022). It is widely employed for sample data classification.
The GMM represents a linear combination of multiple single Gaussian
model distribution functions (Dhanalakshmi et al., 2011; Kim et al.,
2019). The probability density function of the single Gaussian model for
GMM'’s multidimensional data can be expressed as follows:
Ty1
P(x|0) = % exp < — M) (10)
(2m)|Z 2

here p is the expectation of the data, > is the covariance and D is the
dimension of the data.

GMM clustering involves assigning cluster members based on the
calculation of cluster probabilities. When dividing the sample data into
m clustering clusters, each cluster corresponds to a sub-model within the
GMM. By randomly selecting observation data from the sample, each
observation data point is associated with a weight coefficient am rep-
resenting the probability of belonging to the mth sub-model. Conse-
quently, the probability density function of the GMM can be expressed as
follows:

P0) =" a.p(xl6,) an

here ap, is the probability that the observed data belongs to the mth sub-
model, am > 1,5 M | ap, = 1; (x|6) is the probability density function
of the mth Gaussian sub-model,

In lithofacies identification using GMM, it is necessary to enhance the
GMM by adapting it to a supervised learning model. In the current study,
the combination of the expectation maximization algorithm (EM) with
gaussian discriminant analysis (GDA) is employed to transform the
GMM into a supervised learning approach (Dempster et al., 1977; Naim
and Gildea, 2012). The fundamental concept is to utilize GDA to esti-
mate the mean and covariance matrices for each type. Subsequently, the
EM algorithm is applied to train the GMM while incorporating labeling
information to constrain the types represented by each Gaussian distri-
bution. The method consists of the following steps: (1) Assuming that the
logging data for each lithofacies follows a Gaussian distribution, the
number of Gaussian distributions is determined using GDA, based on the
number of lithofacies types, and the mean (), covariance matrix (%),
and prior probability () for each Gaussian distribution are derived. (2)
The initialization of parameters for each Gaussian distribution in the
GMM is carried out using the parameters determined by GDA. (3) The
GMM parameters are optimized using the EM algorithm. Initially,
labeled data is employed to restrict the classes represented by each
Gaussian distribution. Subsequently, in Step E, the estimation of data
point distribution is performed by calculating the posterior probability
for each data point belonging to each Gaussian distribution, based on the
current GMM parameters. Finally, in Step M, the parameters of each
Gaussian distribution are re-estimated based on the posterior probabil-
ities from Step E to enhance the fit of the GMM. The key to Step M is the
improvement of the parameter estimation of the model by identifying
parameters that maximize the expected value of the likelihood function
through optimization algorithms such as gradient descent or newton’s
method. (4) Repeat step 3 until convergence, iteratively performing the
E and M steps until the parameters of the GMM reach a stable state. To
summarize, the collaboration between GDA, EM, and GMM can be
described as follows: GDA offers initial parameters for GMM, while the
EM algorithm iteratively refines the GMM parameters to better align
with the data distribution, ultimately leading to the achievement of
supervised lithofacies classification.

GMM'’s advantage lies in its ability to adaptively adjust the size and
number of clusters when dealing with data that closely follows a
Gaussian distribution or exhibits a more concentrated data distribution.
This adaptability enables GMM to achieve quicker and more accurate
data classification (Zhang et al., 2023). When working with a limited
dataset, the presence of discrete values may prevent the data from dis-
playing a typical Gaussian or clustered distribution. In response, GMM
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may escalate its complexity to better approximate the data distribution
(Chen et al., 2023). It’s also important to note that GMM may fail to
converge when the data distribution is excessively discrete (Chen et al.,
2015).

3.6.2. Back-propagation neural network

The BPNN is a widely used supervised learning algorithm in the field
of machine learning. It is considered a typical discriminative model
(Rumelhart et al., 1986; Rogers et al., 1992; Wu et al., 2006). The
training process of BPNN involves an iterative procedure of forward
propagation and error back propagation. This process continues until
either the error falls below the predetermined threshold or the
maximum number of iterations is reached, as specified in the design of
the algorithm (Hush and Horne, 1993; Ren et al., 2019). The training
process of BPNN with two hidden layers is illustrated in Fig. 5. During
the forward propagation stage, the input data in the input layer is
weighted and passed to the neurons in the first hidden layer. Each
neuron in the first hidden layer computes its activation function and
passes the result, weighted again, to the next hidden layer. In the second
hidden layer, the data is once again computed by the activation func-
tion, weighted, and forwarded to the output layer. In the second hidden
layer, the data is computed once more by the activation function,
weighted, and then passed to the output layer. The activation function
plays a crucial role in facilitating the forward propagation process of the
BPNN. These functions perform a nonlinear mapping of inputs to neu-
rons, enabling the network to learn and represent complex nonlinear
relationships and data patterns. By facilitating this nonlinear trans-
formation, activation functions play a pivotal role in mediating infor-
mation transfer and feature extraction, allowing the neural network to
abstract features from raw data (Hong, 2023).

If the output obtained from the BPNN differs from the expected
result, the actual error is backpropagated through the network. This
back propagation step adjusts the weights to minimize the error and
improve the accuracy of the network (Yang et al., 2011). This process
unfolds as follows: (1) Calculating the Loss Function. At the output layer,
the discrepancy between the model’s predicted value and the actual
target value is computed, representing the loss function’s value. (2)
Backpropagating the Error. Starting from the output layer, the gradient
of the loss function concerning each weight is determined. This is ach-
ieved by applying the chain rule to compute gradients at each layer,
gradually propagating from the output layer to the input layer. These
gradients reveal how the loss function changes when weights are slightly
modified. (3) Weight Update. The weights are adjusted using the
gradient descent method. The process of forward and backward propa-
gation is iterated repeatedly, and this iterative cycle continues until the
network’s performance converges to the desired level.

BPNN'’s advantage lies in its flexibility with various data distribu-
tions, enabling effective classification even when working with limited
data that doesn’t adhere to Gaussian or clustered distributions but fol-
lows discrete patterns. However, when confronted with multiple
Gaussian or clustered distributions, the high nonlinearity at the
boundaries of various data types can reduce the model’s fitting capa-
bility, leading to longer training times and diminished classification
accuracy.

3.6.3. Hyperparameters for classification models

Based on the GMM constructed in this study, five key hyper-
parameters are listed in Table 3. The number of clusters in the GMM is
determined by the number of lithofacies types in the study area. The
initial parameters of the GMM, including p, Z, and =, are provided by
GDA, which has the advantage of speeding up the convergence of the
GMM model. A full covariance matrix is chosen because of the high
correlation between different types of logging data, allowing the GMM
model to effectively capture these correlations for more accurate data
modeling. The convergence of the GMM model is evaluated based on the
EM, which includes the maximum iterations and the parameter change
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Fig. 5. Calculation process of the BPNN automatic identification method (Modified by Rumelhart et al., 1986; Rogers et al., 1992; Wu et al., 2006).

Table 3
GMM hyperparameters values.

Table 4
BPNN hyperparameters values.

Hyperparameter Value

Hyperparameter Value

Number of Clusters The number of lithofacies types

Loss function Categorical Cross-Entropy Loss

Initial Parameters GDA
Covariance Matrix Type Full Covariance Max
EM Algorithm Maximum Iterations 1500
EM Algorithm Parameter Change Threshold 0.001

Training function

Hidden layer activation function
Output layer activation function
Number of hidden layers

threshold. Based on extensive previous research and experience, the
maximum iterations to 1500 is set to ensure a sufficient number of it-
erations without excessive time consumption. The parameter change
threshold is set to 0.001 to increase the precision of the data modeling
and ensure that the model reaches a satisfactory level of accuracy.

To achieve the research objectives, the BPNN in this study is
configured with hyperparameters suitable for multi-categorization
tasks. The choice of categorical cross-entropy loss and gradient
descent as the loss function and training function, respectively, is based
on the effectiveness of categorical cross-entropy loss in providing
gradient information for gradient descent optimization. This allows the
neural network to learn the weights and biases more effectively, mini-
mizing the loss function and improving the training efficiency of the
model. Considering the inherent data nonlinearity in complex lith-
ofacies, ReLU is selected as the activation function for the hidden layer.
To output the probability of data belonging to each lithofacies, allowing
for comparison with GMM results, softmax is chosen as the activation
function for the output layer. In determining the number of hidden
layers, the neurons in the hidden layer, and the learning rate, a series of
experiments using the trial-and-error method are conducted. The num-
ber of neurons in the output layer depends on the number of lithofacies
types. To enhance the model’s generalization capability and prevent
overfitting, the early-stop method is employed to limit the number of
model iterations. Table 4 provides an overview of the essential hyper-
parameters used by the BPNN.

Hidden layer neurons number
Output layer neuron number
Learning rate

Number of Epochs

Gradient descent

ReLU

Softmax

Trial-and-error method
Trial-and-error method

The number of lithofacies types
Trial-and-error method

Early stopping

4. Results
4.1. Lithofacies types and characteristics

Based on the observations and descriptions of the core samples and
core photographs, the lithofacies in the study area have been classified
into six types using Miall and Feng’s criteria for fluvial systems (Miall,
1986; Feng, 2022). The lithofacies types and their corresponding
naming rules are as follows: (1) Massive bedding mudstone (Mm): This
lithofacies type is characterized by black mudstone with a prominent
development of massive bedding. Refer to Fig. 6a for an illustration. (2)
Wavy bedding siltstone (Sw): This lithofacies type consists of gray or
black siltstone exhibiting distinct wavy bedding. See Fig. 6b for a visual
representation. (3) Parallel bedding fine sandstone (Fp): This lithofacies
type comprises fine sandstone with well-defined parallel bedding.
Fig. 6¢ provides an example. (4) Cross-bedding medium sandstone
(MSc): This lithofacies type is characterized by medium sandstone dis-
playing plate cross-bedding (Fig. 6d) and trough cross-bedding (Fig. 6e).
(5) Cross-bedding coarse sandstone (CSc): This lithofacies type consists
of coarse sandstone exhibiting plate cross-bedding (Fig. 6f) and trough
cross-bedding (Fig. 6g). (6) Massive bedding conglomerate (Gm): This
lithofacies type is represented by a gray conglomerate with a
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Fig. 6. Some photos of the core. The yellow line in Figure (b) marks the wavy bedding. The yellow lines in Figure (e) and Figure (g) mark the trough cross-bedding.

pronounced development of massive bedding. Refer to Fig. 6h for an
example.

These lithofacies classifications are based on Miall and Feng’s
criteria, taking into account the characteristics observed in the study
area.

In Fig. 7a, the frequency distribution of the thickness of Mm exhibits
a bimodal pattern. The main peak of the distribution falls within the
thickness interval of 0.50 m-0.75 m, while the secondary peak is
observed in the interval of 2.00 m to +co m. Further analysis reveals that
Mm with a thickness of less than 1 m accounts for 53.28% of the total,
whereas Mm with a thickness between 1 m and 2 m represents 25.55%.
Mm with a thickness exceeding 2 m makes up 21.17% of the total. These
results indicate a significant variation in the thickness distribution of
Mm, with the majority of occurrences having a small thickness and only
a small proportion characterized by a larger thickness.

In Fig. 7b, the frequency distribution of the thickness of Sw displays a
single-peaked distribution. The main peak of the distribution is observed
within the thickness interval of 0.25 m-0.50 m. Further analysis reveals
that Sw with a thickness of less than 1 m accounts for 85.31% of the
total, while Sw with a thickness between 1 m and 2 m represents
14.69%. There are no occurrences of Sw with a thickness exceeding 2 m.
These findings indicate that the thickness distribution of Sw is relatively
less varied and generally thinner compared to other lithofacies. The
majority of Sw occurrences have a thickness of less than 1 m, with only a
small proportion falling within the range of 1 m-2 m in thickness.

In Fig. 7c, the frequency distribution of the thickness of Fp exhibits a
multi-peak distribution. There are three distinct peaks observed, with
the corresponding thickness intervals being 0.50-0.75 m, 1.00-1.25 m,
and 2.00-+oc0 m. Further analysis reveals that Fp with a thickness of less
than 1 m accounts for 53.25% of the total, while Fp with a thickness
between 1 m and 2 m represents 37.28%. Fp with a thickness exceeding
2 m makes up 9.47% of the total. These findings indicate that the
thickness distribution of Fp displays small differences. The majority of
Fp occurrences have small thicknesses, a larger portion exhibits medium
thicknesses, and a small proportion has larger thicknesses.

In Fig. 7d, the frequency distribution of the thickness of MSc exhibits
a multi-peak distribution. There are four distinct peaks observed, with

the corresponding thickness intervals being 0.50-0.75 m, 1.00-1.25 m,
1.50-1.75 m, and 2.00-+oc0 m. Further analysis reveals that MSc with a
thickness of less than 1 m accounts for 38.46% of the total, while MSc
with a thickness between 1 m and 2 m represents 47.93%. MSc with a
thickness exceeding 2 m makes up 13.61% of the total. These findings
indicate that the distribution of MSc thicknesses shows less variation. A
larger portion of MSc occurrences has a small thickness, a significant
proportion exhibits a medium thickness, and a small portion displays a
larger thickness.

In Fig. 7e, the frequency distribution of the thickness of CSc displays
a bimodal distribution. There are three distinct peaks observed, with the
corresponding thickness intervals being 1.00-1.25 m, 1.50-1.75 m, and
2.00-+c0 m. Further analysis reveals that CSc with a thickness of less
than 1 m accounts for 15.84% of the total, while CSc with a thickness
between 1 m and 2 m represents 52.97%. CSc with a thickness exceeding
2 m makes up 31.19% of the total. These findings indicate that the
thickness distribution of CSc exhibits significant variation. A small
percentage of CSc occurrences have a small thickness, while the majority
of occurrences have a larger thickness.

In Fig. 7f, the frequency distribution of the thickness of Gm exhibits a
bimodal distribution. The main peak of the distribution falls within the
thickness interval of 2.00 m to +o0 m, while the secondary peak is
observed in the interval of 1.00 m-1.25 m. Further analysis reveals that
Gm with a thickness of less than 1 m accounts for 14.35% of the total,
while Gm with a thickness between 1 m and 2 m represents 47.22%. Gm
with a thickness exceeding 2 m makes up 38.43% of the total. These
findings indicate that the distribution of Gm thickness varies greatly. A
small portion of Gm occurrences have a small thickness, while the ma-
jority exhibit a larger thickness.

4.2. Layer dataset

In this study, data from logging curves of 63 cored wells were
sampled and processed for feature selection using normalization, one-
way ANOVA, and pearson correlation analysis to construct the layer
dataset. Table 5 displays the outcomes of the one-way ANOVA for each
type of normalized treated layer data. Among the analyzed variables,
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Fig. 7. Frequency distribution histograms representing the thickness of each lithofacies thickness. (a) Frequency distribution histogram of the thickness of Mm; (b)
Frequency distribution histogram of the thickness of Sw; (c) Frequency distribution histogram of the thickness of Fp; (d) Frequency distribution histogram of the
thickness of MSc; (e) Frequency distribution histogram of the thickness of CSc; (f) Frequency distribution histogram of the thickness of Gm. In this classification,
thicknesses greater than or equal to double the logging resolution (2m) are considered to be in the large thickness group, thicknesses less than or equal to double the
logging resolution (2m) and greater than the logging resolution (1m) are categorized as part of the medium thickness group, and thicknesses less than or equal to the

logging resolution (1m) are classified as part of the small thickness group.

GRn, RHOBn, NPHIn, and PEn exhibited Cohen’s f values greater than
0.4 and Partial 1) values exceeding 0.14. Therefore, these four types of
logging data were given preference in the subsequent analysis.

Fig. 8 illustrates the Pearson correlation coefficients between GRn,
RHOBn, NPHIn, and PEn. The correlation coefficients reveal that NPHIn
exhibits strong correlations with the other variables, particularly with

10

GRn, displaying the highest correlation coefficient. Consequently, GRn,
PEn, and RHOBn were selected due to their low correlation with each
other.

The ultimate layer dataset consists of 1110 labeled data points,
encompassing 182 GM data, 180 CSc data, 171 MSc data, 192 Fp data,
193 Sw data, and 192 Mm data. The data distribution across each type is
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Table 5 Table 7
Results of one-way ANOVA for various types of logging layer data. K, o, GS, and K/GS for RHOBn layer data for each lithofacies.
Code SSB SST Partial n? Cohen’s f Code Mm Sw Fp MSc CSc Gm
GRn 27.968 31.647 0.884 2.757 ¢ 0.108 0.145 0.082 0.069 0.049 0.050
SPn 3.391 32.824 0.103 0.339 K 3.257 3.014 4.054 4.610 4.078 4.440
CALIn 0.065 7.165 0.009 0.096 GS 0.6 0.7 0.5 0.45 0.3 0.4
ACn 1.283 13.068 0.098 0.33 K/GS 5.428 4.306 8.108 10.244 13.593 11.100
RHOBn 1.095 7.131 0.154 0.426
NPHIn 4.95 13.696 0.361 0.752
RLLDn 1.048 24.469 0.043 0.212
RLLSn 1.156 23.652 0.049 0.227 Table 8
PEn 10.978 31.119 0.353 0.738 K, o, GS, and K/GS for PEn layer data for each lithofacies.
Code Mm Sw Fp MSc CSc Gm
6 0.081 0.132 0.100 0.065 0.059 0.047
1.00 K 3.765 3.122 4516 4.226 4.190 4.509
- B0 GS 0.45 0.7 0.55 0.35 0.25 0.3
E‘D 0.567 0.614 0.256 K/GS 8.367 4.460 8.211 12.074 16.760 15.030
F 0.60
. r 0.40 4.4. Performance evaluation for classification models
2 - 0.567 0.536 0.304 L 0.20
L i Before beginning model training, it is necessary to provide a
. comprehensive description of the datasets utilized. The test set com-
= 0.614 r -0.20 prises layer data from 3 core wells with increased core lengths, while the
E L _0.40 labeled layer dataset consists of layer data from the remaining 60 core
wells. To train both the GMM and BPNN models, we extracted the GRn,
& 060 RHOBn, and PEn features from the labeled layer dataset. Randomly
% - 0.256 0.304 -0.205 I -0.80 selected 70% of the layer data among the labeled layer dataset as the
~ ) . . L | 100 train set and the remaining 30% of the layer data as the validation set.
GRn PEn NPHIn RHOBn This method of creating the training, validation, and test sets has mul-

Fig. 8. Heat map of Pearson correlation coefficients for GRn, RHOBn, NPHIn,
and PEn.

nearly balanced, mitigating the potential influence of an uneven sample
distribution on the performances of the classification models. Addi-
tionally, it includes four types of parameters: GRn, RHOBn, PEn, and
lithofacies thickness.

4.3. Distribution characteristics of layer data for each lithofacies

In this section of the study, frequency distribution density curves and
box plots were employed to illustrate the distribution patterns of GRn,
RHOB, and PEn layer data for each lithofacies type in the layer dataset.
Subsequently, K, o, and K/GS are utilized to quantitatively assess the
level of data concentration and dispersion. Based on the ¢ and K/GS
values of GRn, RHOBn, and PEn for each lithofacies presented in Table 6,
Table 7, and Table 8, respectively, as well as the data distribution
characteristics shown in Fig. 9a and b, and Fig. 9c, the concentration of
log layer data for each lithofacies type can be ranked as follows: For
GRn: CSc > Gm > MSc > Fp > Mm > Sw; for RHOBn: CSc > Gm > MSc
> Fp > Mm > Sw; for PEn: CSc > Gm > MSc > Fp > Mm > Sw.

In summary, the distribution of layer data for each lithofacies type
can be characterized as follows: (1) The layer data for CSc and Gm is
centrally distributed. (2) The layer data for MSc is relatively centrally
distributed. (3) Thelayer data for Fp is relatively discretely distributed.
(4) The layer data for Sw and Mm is discretely distributed.

Table 6

K, 6, GS, and K/GS for GRn layer data for each lithofacies.
Code Mm Sw Fp MSc CSc Gm
c 0.093 0.114 0.089 0.044 0.036 0.039
K 2.723 3.256 3.810 4.149 2.688 2.088
GS 0.5 0.65 0.5 0.3 0.25 0.2
K/GS 5.446 5.009 7.62 13.83 10.752 10.44
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tiple benefits. Following this methodology allows the model to make the
most of an adequate amount of training data, resulting in a good fit
without the possibility of underfitting. In addition, the considerable
quantity of validation data helps avoid model overfitting while assisting
the efficient iterative adjustment of model parameters. Additionally,
when the model finishes its training and exhibits robust performance on
the test set, it indicates its outstanding ability to generalize.

4.4.1. Gaussian mixture model training result

After convergence, the model provides precision, recall, and F1-score
for the training, cross-validation, and test sets. Additionally, it presents
these metrics for each lithofacies in the test set, along with the predicted
probabilities of each lithofacies for each layer data. Based on the eval-
uation metrics presented in Table 9, it is evident that the overall training
of the model is poor. Furthermore, analyzing the evaluation metrics for
each lithofacies (Table 9 and Fig. 10), we observe that Gm and CSc
exhibit the best training effects, MSc shows a comparatively better
training effect, Fp and Mm demonstrate a weaker training effect, while
Sw exhibits the poorest training effect.

4.4.2. Back-propagation neural network training result

Once the model converges, it generates precision, recall, and F1-
score for the training, cross-validation, and test sets. Additionally, it
provides these metrics for each lithofacies in the test set, along with the
predicted probabilities of each lithofacies for each layer data. Based on
the evaluation metrics presented in Table 10, it is evident that the
overall training of the model is poor. Furthermore, analyzing the eval-
uation metrics for each lithofacies (Table 10 and Fig. 11), we observe
that Mm demonstrates the best training effect, followed by Sw and Fp
showing a comparatively better training effect. MSc and CSc, on the
other hand, exhibit poorer training effects, while Gm displays the worst
training effect.

4.5. Relationship between lithofacies characteristics and logging data
distribution characteristics

Combining the results of Sections 4.1 and 4.3, the study revealed that
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Fig. 9. Frequency distribution density curves and box plots of layer data for GRn, RHOBn, and PEn for each lithofacies. (a) Frequency distribution density curves and
box plots of layer data of GRn for each lithofacies. (b) Frequency distribution density curves and box plots of layer data for RHOBn for each lithofacies. (c) Frequency

distribution density curves and box plots of layer data for PEn for each lithofacies.

Table 9

Evaluation metrics of GMM training.
Evaluation metrics Train set Validation set Test set Mm Sw Fp MSc CSc Gm
Precision 0.82 0.82 0.76 0.69 0.61 0.72 0.78 0.89 0.87
Recall 0.82 0.81 0.77 0.67 0.63 0.71 0.82 0.91 0.88
F1 0.82 0.81 0.76 0.68 0.62 0.71 0.80 0.90 0.87

lithofacies thickness influences layer data distribution. To clarify this
relationship, correlations were established between the mean thickness
of each lithofacies and the ¢ and K/GS of GRn, RHOBn, and PEn for each
lithofacies. Fig. 10a illustrates a negative correlation between the mean
thickness of each lithofacies and the ¢ of GRn, RHOBn, and PEn for each
lithofacies. Fig. 10b illustrates a positive correlation among the mean
thickness of each lithofacies and the K/GS of GRn, RHOBn, and PEn for
each lithofacies. The relationship presented above indicates that the
data sampling method developed in this study can effectively reduce
deviations and regularize the data distribution to a certain extent
(Figs. 7, 9 and 10).
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4.6. Relationship between data distribution characteristics and
performances of classification models

Building upon the findings of Section 4.3 and Section 4.4, the cor-
relation between the characteristics of data distribution and the classi-
fication performances of the models was investigated.

Further counting the probabilities of each lithofacies in the GMM-
trained test set and plotting the histograms of the probability distribu-
tions (Fig. 11) which show that Gm and CSc have a high probability of
being single-peaked, MSc has a medium-to-high probability of being
single-peaked, Fp and Mm have a medium-to-low probability of being
single-peaked, and Sw has a low probability of being single-peaked.

Further counting the probabilities of each lithofacies in the BPNN-
trained test set and plotting the histograms of the probability distribu-
tions (Fig. 12) which show that Mm has a high probability of being
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Table 10
Evaluation metrics of BPNN training.
Evaluation metrics Train set Validation set Test set Mm Sw Fp MSc CSc Gm
Precision 0.80 0.79 0.76 0.96 0.80 0.79 0.68 0.67 0.64
Recall 0.79 0.78 0.77 0.88 0.87 0.76 0.67 0.74 0.71
F1 0.79 0.78 0.76 0.92 0.83 0.77 0.67 0.70 0.68
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Fig. 11. Frequency distribution density curves of GMM'’s predicted probabilities for each lithofacies in the test set.

single-peaked, Sw has a high probability of being single-peaked, Fp has a
medium probability of being single-peaked, MSc, CSc, and Gm have a
medium-to-low probability of being single-peaked.

The aforementioned findings reveal that GMM is more appropriate
for Gm and CSc in dataset distribution, whereas BPNN is better suited for
Sw and Mm in discrete distribution. It should be noted that GMM and
BPNN are not absolutely applicable to MSc and Fp. For MSc with more
concentrated data distribution, GMM presents better classification per-
formance than BPNN. In contrast, for Fp with a more discrete distribu-
tion, BPNN exhibits superior classification performance than GMM.

To make the relationship between the data distribution characteris-
tics and the performances of the classification models more explicit,
plots of the correlation between the mean ¢ and the mean K/GS of the
logging data for each lithofacies and the mean F1 of the three datasets
for the two models are created. Fig. 13a shows a good negative corre-
lation between the mean ¢ and the mean F1 of GMM, and Fig. 13b shows
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a good positive correlation between the mean K/GS and the mean F1 of
GMM. These findings indicate that the GMM has a good classification
performance for centrally distributed data, while its performance be-
comes progressively worse as the data becomes more discrete.

Fig. 14a shows a good positive correlation between the mean ¢ and
the mean F1 of BPNN, and Fig. 14b shows a good negative correlation
between the mean K/GS and the mean F1 of BPNN. These findings
indicate that the BPNN has a good classification performance for
discretely distributed data, while its performance becomes progressively
worse as the data becomes more central.
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5. Discussion

5.1. The influence of sampling techniques and feature engineering on the

performances of classification models

The original logging data were processed according to the dataset
partitioning method described in Section 4.4, and the GMM and BPNN
were trained separately. Tables 11 and 12 show the rather poor
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Table 11

Evaluation metrics for GMM trained with original logging data.

Evaluation metrics Train set Validation set Test set
Precision 0.58 0.32 0.27
Recall 0.54 0.30 0.28
F1 0.56 0.31 0.27
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Table 12

Evaluation metrics for BPNN trained with original logging data.
Evaluation metrics Train set Validation set Test set
Precision 0.62 0.44 0.19
Recall 0.57 0.46 0.18
F1 0.59 0.45 0.18

classification performances of the GMM and BPNN on the original log-
ging data compared to the classification performances of the GMM and
BPNN shown in Tables 9 and 10, where the F1 of the training, validation,
and test sets is less than 0.6. The classification models input to the
sampled and feature-engineered processed data are significantly better
than the classification models input to the original logging curves for the
following reasons: (1) Sampling processing minimizes the influence of
adjacent lithofacies. The data collection from the logging instrument is
impacted by adjacent lithofacies and can result in deviations, causing
inconsistent distribution of logging data for lithofacies with varying
thicknesses of the same type. This inconsistency further increases the
difficulty of classification modeling. The sampling method proposed in
this study can reduce the clutter of data distribution through the use of
the weighted mean method. (2) The standardization process in feature
engineering makes all types of logging data of the same order of
magnitude. Different types of original logging data have different orders
of magnitude, with GR, SP, CAL, AC, NPHI, RLLD, and RLLS data having
relatively large orders of magnitude (0-1000), while RHOB and PE
usually have smaller orders of magnitude (0-5). The existence of such a
large order of magnitude difference in the input data can cause the loss
function in the classification model to be sensitive to features with a
larger order of magnitude while ignoring features with a smaller order of
magnitude, which in turn leads to overfitting and affects the classifica-
tion performance. This is the reason for the large difference in F1 among
the training, validation, and test sets in Tables 11 and 12. (3) The
ANOVA and Pearson correlation analysis in the feature engineering
filtered out the interference of noisy data and screened out the logging
data that responded well to the lithofacies. The RLLD and RLLS data
mainly responded well to the formation fluids but poorly to the lith-
ofacies, and if they were inputted into the models, they might mislead
the model to learn the pattern of the fluid instead of the lithofacies. The
SP data were greatly affected by formation water and The SP data are
strongly influenced by formation water and mud mineralization, making
it difficult to respond correctly to lithofacies. AC and NPHI data are
impacted by formation gas and water saturation. The ’cycle skip’ phe-
nomenon of AC and the ‘excavation effect’ of NPHI affect the data ac-
curacy. Conversely, GR, RHOB, and PE are less affected by other
formation factors and can better respond to important parameters, such
as shale content, rock density, and mineral composition, allowing for the
distinction of different lithofacies (Iraji et al., 2023a).

5.2. Reasons for the influence of lithofacies characteristics on data
distribution characteristics

To determine why lithofacies thickness impacts layer data distribu-
tion, additional research was conducted by examining logging resolu-
tion and lithofacies thickness from the perspective of previous
researchers’ recognized viewpoints and research findings (Lindberg
et al., 2015; Iraji et al., 2023a). After synthesizing the characteristics of
each lithofacies and the distribution characteristics of the logging data,
that the thickness of the lithofacies has a significant effect on the dis-
tribution of the logging data is determined. This is because the data
collected and processed by the logging instrument represents the cu-
mulative logging response within a specific spatial area (Lindberg et al.,
2015; Tian et al., 2021). The presence of adjacent lithofacies impacts the
process, leading to deviations from the true values. The magnitude of
these deviations is determined by the resolution of the logging instru-
ment and the relative thickness of the lithofacies (Chen et al., 2021;
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Wang et al., 2023).

The frequency ratios of lithofacies with thicknesses less than 1 m
(logging resolution), between 1 m and 2 m (double logging resolution),
and greater than 2 m in the layer dataset is calculated. Subsequently,
correlations among the frequency ratio of each lithofacies and the ¢ and
K/CF of GRn, RHOBn, and PEn for each respective type of lithofacies is
established. Fig. 15 illustrates that the frequency ratio of data with a
thickness less than 1 m in each lithofacies shows a positive correlation
with the ¢ of GRn, RHOBn, and PEn for that type of lithofacies (Fig. 15a,
b, and c). It also shows a positive correlation with K/CF (Fig. 15d, e, and
f). Conversely, the frequency ratio of data with thickness between 1m
and 2m, as well as data with thickness greater than 2m in each lith-
ofacies, shows a negative correlation with the ¢ of GRn, RHOBn, and PEn
for that type of lithofacies (Fig. 15a, b and c). It also shows a negative
correlation with K/CF (Fig. 15d, e, and f). The observed result can be
explained as follows: The observed result can be explained as follows:
When the thickness of a lithofacies is greater than the resolution of the
logging instrument, the data acquired by the logging instrument is
minimally affected by the adjacent lithofacies. This leads to smaller
deviations between the acquired data and the actual lithofacies value. As
aresult, the layer data of that type of lithofacies will be close to the true
value of that type of lithofacies. As a result, the distribution of layer data
within the dataset of this type of lithofacies becomes more centralized as
the proportion of layer data with thicknesses greater than the logging
resolution increases (Fig. 15). However, as the lithofacies thickness
gradually decreases and falls below the logging resolution, the logging
instrument data acquisition becomes increasingly influenced by the
adjacent lithofacies. This in turn leads to larger deviations between the
collected data and the actual lithofacies value. The deviation of the layer
data for a certain type of lithofacies from the actual value of that type of
lithofacies also increases as a consequence. As a result, the distribution
of layer data within the dataset of this type of lithofacies becomes more
dispersed as the proportion of layer data with thicknesses less than the
logging resolution increases (Fig. 15).

It can be seen that the distribution of lithofacies thickness affecting
layer data is concentrated or discrete depending on the relative size of
lithofacies thickness and logging resolution.

5.3. Relationship between lithofacies characteristics, layer data
distribution characteristics, and performances of classification models

Based on the results in Sections 4.5 and 4.6 and the conclusions in
Section 5.2, it can be seen that the lithofacies thickness affects the data
distribution and the data distribution affects the classification models
performance. It is necessary to further discuss the effect of facies
thickness on the performances of the classification models and the
relationship between lithofacies thickness, the distribution of layer data,
and the performances of the classification models. Fig. 16 illustrates the
relationship between lithofacies thickness and the probability of lith-
ofacies identification for GMM and BPNN using layer data from three
untrained well cores.

GMM shows a higher identification probability for each lithofacies
type as thickness increases (Fig. 16a). As the lithofacies thickness in-
creases beyond 1 m, the identification probability is greater than 80%
and approaches 90%. As the lithofacies thickness increases beyond 1.8
m, the identification probability approaches 95% and remains stable. It
is worth noting that the 1m mentioned above is the resolutions of the
three types of logging data. The above phenomenon occurs because the
GMM generative model achieves classification by learning the proba-
bility distribution of the input data.

Table 9 illustrates the GMM’s training results: Gm and CSc perform
very well, MSc is better, Fp and Mm have poor results, and Sw has the
worst results. GMM is appropriate for data with a concentrated and
stable distribution but not for discrete data (Blundell and Bond, 2000;
Gm et al., 2020; Jiao et al., 2022). As stated in Section 5.2, the proba-
bility distribution of the lithofacies thickness control layer data is



S. Jiang et al.

Geoenergy Science and Engineering 233 (2024) 212587

0.16 0.16
b o
.12 4 0.12 -
0.12 o 6
Ay ,’
o 9 o .
o 0.08 1 s ,8' Ri=10:89 o 008
&
//’ \\
004 { B 58 80 0.04 -
R= 091
R*= 0.60
0 i . . _ @ 0 . ' . . 0 : . . .
000 2000, 20:00: 60.00 8000 '100:00 0.00 20.00 40.00 60.00 80.00 100.00 0.00 2000 40.00 60.00 80.00 100.00 [ S [0.00,1.00)
Frequency (%) Frequency (%) Frequency (%) O [1.00,2.00)
18 18 18 ’
o o e) 2.00, +oo
il g A e © B0
1u{ o o o (RS H1 o o o 141 .
R= 0.94 S
2 £ L Y 2] o NeYXe
. ] (9\\0\0 /éO R>= 0.78 . 10 S \\C)/'O . 10 ',’ S . R>= 0.96
E 81 o ‘e e E 810 60 E 84 0 00" 0 O
sy o o0 o Ty ‘1 06 o - 61 o =07 NN
4 C o/ ~ C AKX
ot 2 2{ [R=076
@ 0 © 0 . . . — O
%.00 2000 4000 6000 $0.00 100.00 0.00 20.00 40.00 60.00 80.00 100.00 0.00 20.00 40.00 60.00 80.00 100.00
Frequency (%) Frequency (%) Frequency (%)

Fig. 15. Correlation of the percentage of the thickness of each lithofacies less than logging resolution, greater than logging resolution less than double logging
resolution, and greater than double logging resolution with ¢ and K/GS for GRn, RHOBn, and PEn. (a) is the correlation between the frequency percentage of the
thickness of each lithofacies and the o of GRn. (b) is the correlation between the frequency percentage of the thickness of each lithofacies and the ¢ of RHOBn. (c) is
the correlation between the frequency percentage of the thickness of each lithofacies and the ¢ of PEn. (d) is the correlation between the frequency percentage of the
thickness of each lithofacies and the K/GS of GRn. (e) is the correlation between the frequency percentage of the thickness of each lithofacies and the K/GS of RHOBn.
(f) is the correlation between the frequency percentage of the thickness of each lithofacies and the K/GS of PEn. Thickness intervals with less than logging resolution
are 0.00-1.00m, thickness intervals with greater than logging resolution and less than double logging resolution are 1.00-2.00m, and thickness intervals with greater

than double logging resolution are 2.00-+ocom.

100.00% 7 0, mmmmmmm———m—m——————

:d;/gmcgg)oé)og’m«éqﬁo % o o
s SO -0 e _ o ® -
- _‘%} %@390‘90_"_ plplipiie iyl iy
80.00% 1 - - -I-E 25
I
1 o !
-‘E 60.00% { /%0 1% |
= y
':3 II°Og>° Pl
= 1@ )t |
S 40.00% 1/ 3 ° )
o 1 []
- oo I;Iz :
) 1! 1
2000% {  ° /)| ]
® ! 1
oy 1 1
4 1 1 (a)
1
0.00% . . . r . ,
0.00 1.00 2.00 3.00 4.00 5.00 6.00

Thickness (m)

100.00% -
o 6 © N
R 2PN
80.00% {77 o {Bos
: Mo 8 %\
~ @ b
& 60.00% - | i
_"E 1 }Roqb K
_g : o\\o O\
S 40.00% A ! S ;\
== 1 %
1 Mo Tl
i e © T, =aal.
20.00% - o S e._ °
' —i
! (b)
0.00% , . . v . ]
0.00 1.00 2.00 3.00 400 500 6.00

Thickness (m)

Fig. 16. Correlation between lithofacies thickness and the predicted probability of the classification model for lithofacies in the coring section of 3 wells that did not
participate in the model training. (a) Correlation between lithofacies thickness and GMM’s predicted probability of lithofacies in the coring section of three wells that
did not participate in model training. (b) Correlation between lithofacies thickness and BPNN’s predicted probability of lithofacies in the coring section of three wells

that did not participate in model training.

primarily affected by logging resolution. The data distribution becomes
more concentrated as the thickness exceeds the logging resolution.
When the thickness is greater than the logging resolution and increases,
the distribution of the layer data of each lithofacies becomes more and
more concentrated and the probability distribution becomes more and
more stable, and the higher the probability that the data in the test set
meets the distribution of the layer data of the GMM trained that the data
belongs to the type of its real lithofacies. The layer data for Gm and CSc
typically have a thickness greater than 1 m (Fig. 7e and f), resulting in
concentrated layer data distributions and stable probability distribu-
tions. Consequently, the GMM demonstrates a high probability identi-
fication effect for these layers (Fig. 11). The layer data for MSc mostly

16

have a thickness of less than 1 m (Fig. 7d), leading to a relatively
concentrated distribution and stable probability distribution. However,
the layer data with a thickness of less than 1 m have a relatively discrete
distribution and unstable probability distribution. As a result, the GMM
shows a mostly medium-high probability identification effect and a
small portion of low-probability identification effect for MSc (Fig. 11).
For Fp and Mm, the majority of the layer data has a thickness of less than
1 m (Fig. 7a and c). Consequently, this part of the layer data has a
relatively discrete distribution and unstable probability distribution. On
the other hand, the layer data with a thickness greater than 1 m has a
relatively centralized distribution and stable probability distribution.
Therefore, the GMM exhibits mostly medium-low probability
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identification effects and a small portion of medium-high probability
identification effects for Fp and Mm (Fig. 11). Regarding Sw, the layer
data predominantly has a thickness of less than 1 m (Fig. 7b). As a result,
it displays discrete layer data distributions and unstable probability
distributions. Consequently, the GMM performs low probability identi-
fication effects on Sw (Fig. 11).

BPNN shows a higher identification probability for each lithofacies
as the thickness decreases (Fig. 16b). As the lithofacies’ thickness de-
creases to less than 1 m, the identification probability tends to approach
90% and remains stable. The reason for the above phenomenon is that
the discriminative model BPNN achieves classification by fitting
boundaries between the input data (Gm et al., 2020; Otchere et al.,
2021). which has the advantage of showing good classification perfor-
mance even in the face of discretely distributed data, whereas according
to the conclusion in 5.2, the thickness of the lithofacies is less than the
logging resolution resulting in a discrete distribution of the layer data.
When the thickness is less than 1 m and decreasing, the distribution of
layer data for each lithofacies becomes more and more discrete, and the
higher the probability that the data in the test set matches the BPNN
trained to fall within the boundary of the layer data for its true lith-
ofacies type. The majority of layer data for MSc, CSc, and Gm have a
thickness greater than 1 m (Fig. 7d, e, and f), resulting in concentrated
layer data distributions. However, due to the similarity in logging
response among these lithofacies, the classification boundaries for these
three types of data become highly complex. This complexity often leads
the BPNN to encounter issues of overfitting or underfitting, resulting in
low identification probabilities (Fig. 12). Nevertheless, some discretely
distributed layer data enable the BPNN to fit appropriate classification
boundaries more easily, leading to higher identification probability
(Fig. 12). For Fp, most of the layer data have a thickness greater than 1 m
(Fig. 7c¢), resulting in a relatively discrete distribution. Despite the
similarity in logging response with other lithofacies, the sporadic dis-
tribution of layer data makes it comparatively easier for the BPNN to fit
suitable classification boundaries and achieve medium-probability
identification (Fig. 12). For Sw, primarily consists of layer data with a
thickness less than 1 m (Fig. 7b). Consequently, its layer data are
discretely distributed. Moreover, the logging response of Sw differs
significantly from that of other sandstone lithofacies, making it easier for
the BPNN to fit an appropriate classification boundary. As a result, the
BPNN exhibits a high probability of identification for Sw. Although the
logging responses of Sw and Mm are similar, the relatively discrete
distribution of layer data makes it relatively easy for the BPNN to fit
appropriate classification boundaries. Most of the layer data for Mm
have a thickness of less than 1 m (Fig. 7a), resulting in a relatively
discrete layer data distribution. The considerable disparity in logging
response between Mm and other sandstone lithofacies further facilitates
the BPNN in fitting appropriate classification boundaries. Consequently,
the BPNN demonstrates a high probability of identification for Mm
(Fig. 12). Despite the similar logging responses of Mm and Sw, their
layer data are discretely distributed. This discrete distribution enables
the BPNN to effectively identify both lithofacies with a high probability
(Fig. 12).

It can be seen that the thickness of the lithofacies is based on the
logging resolution that directly affects the distribution of the layer data
and thus indirectly affects the performances of the classification models.

5.4. GMM-BPNN establishment and application effect analysis

Based on the effect of lithofacies thickness on the performances of the
classification models, a gaussian mixture model-backpropagation neural
network hybrid classification model (GMM-BPNN) was built to over-
come the limitations of GMM and BPNN in lithofacies classification for
layer data with varying distributions due to differences in thickness. This
model combines the strengths of both approaches to improve the ac-
curacy and robustness of lithofacies identification.

The effect of thickness on the performances of the classification
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models is discussed in Section 5.3, but no specific lithofacies thickness
thresholds (T) are given that explicitly classify the layer datasets
appropriately into centrally distributed datasets (C datasets) and
discretely distributed datasets (D datasets). To determine the optimal T,
a process is needed to achieve the best classification results for both
GMM and BPNN models individually (Fig. 17). By determining this
optimal threshold, the GMM-BPNN can achieve the best classification
results overall.

The process of training GMM-BPNN is illustrated in Fig. 17, which is
divided into the following steps: (1) By using O m as the starting T, the
layer dataset into two datasets can be divided: C dataset for data greater
than the threshold and D dataset for data less than the threshold. (2) The
layer data of the C dataset is used as input for training the GMM model,
with 70% of the layer data used for training and the remaining 30% used
for validation. Similarly, the layer data of the D dataset is inputted into
the BPNN model, with 70% of the layer data used for training and 30%
for validation. Both models are trained until convergence. (3) The layer
data from the three untrained wells is utilized as a test set to evaluate the
trained model. The F1 is calculated based on the output of the test set.
The model compare this F1 with the F1 obtained from the previous
training. If the F1 from the current training is greater than or equal to the
previous training, the model will increment the T from Step 1 by 0.1m
and repeat Steps 1 and 2. Conversely, if the F1 is less than the previous
training, the model will output the T from the previous iteration and
consider the training of the hybrid classification model complete. Ac-
cording to Fig. 18, the output test set F1 varies with lithofacies thickness,
peaking at 0.95 when the thickness is 1.8 m. This indicates that the
model achieves its best classification performance at this lithofacies
thickness.

Table 13 illustrates the identification results of three models: GMM,
BPNN, and GMM-BPNN. It shows that GMM-BPNN outperforms both
GMM and BPNN in terms of identification accuracy. Fig. 19 illustrates
the lithofacies identification results of the three models (GMM, BPNN,
and GMM-BPNN) for the destination strata core section of well Al,
which has the longest core length among the three untrained wells.
GMM-BPNN demonstrates more precise results for both thin and thick
lithofacies. Moreover, the vertical stacking order of the lithofacies
identification is more consistent with fluvial deposition. This improve-
ment can be attributed to GMM-BPNN utilizing the strengths of both
GMM and BPNN models to classify both centrally and discretely
distributed data. The layer data probability distributions for the thicker
lithofacies are stable and consistent with those given by the GMM
trained on centrally distributed layer data. The layer data distribution of
the thinner lithofacies is discrete but falls within the decision boundary
fitted by the BPNN trained with discretely distributed layer data.

Besides, the GMM-BPNN was applied to the lithofacies identification
of the fluvial deltaic reservoirs in the western part of the Sulige gas field
in the Ordos Basin. Table 14 shows the results of training the model
using 10 core wells and 2 coring wells used for blind testing. The limi-
tation of data volume leads to the application effect in this area is not as
good as in this study area, but the F1 of the blind test set reaches more
than 0.8, which also indicates that the GMM-BPNN has good general-
ization. The limitation of data volume leads to the application effect in
this area is not as good as in this study area, but the F1 of the blind test
set reaches more than 0.8, which also indicates that the GMM-BPNN has
good generalization. Such results further prove that the idea of estab-
lishing a classification model proposed in this study as well as the choice
of the model are reasonable and can solve both the lithofacies prediction
problem with a large amount of labeled data as well as the lithofacies
prediction problem with a limited amount of labeled data.

6. Conclusion
In this study, a log sampling method has been developed to obtain

layer data that effectively, mitigateing the effects of adjacent lithofacies.
Based on the layer data, it is obseved that lithofacies thickness based on
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Table 13

Evaluation metrics for GMM, BPNN, and GMM-BPNN.
Evaluation metrics GMM BPNN GMM-BPNN
F1 0.76 0.77 0.95

logging resolution directly affects the distribution characteristics of the
layer data; for a given lithofacies, the more the lithofacies thickness
exceeds the resolutions of the logging curves, the more centralized the
overall data for that lithofacies becomes. Conversely, when the

Geoenergy Science and Engineering 233 (2024) 212587

lithofacies thickness is less than the resolutions of the logging curves, the
data becomes more discrete. The thickness of lithofacies indirectly af-
fects the performances of the classification models of GMM and BPNN
based on the distribution of the layer data, and GMM is significantly
better than BPNN in classifying thick lithofacies, while BPNN is signif-
icantly better than GMM in classifying thin lithofacies. Based on the
above understanding, a GMM-BPNN is established for both thick and
thin lithofacies classification. Compared with the single GMM and BPNN
model, the identification performance of the hybrid model is greatly
improved. Besides, the model has also been applied to lithofacies
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Table 14
Evaluation metrics for GMM-BPNN in one other area.

Evaluation metrics Train set Validation set Blind test set
Precision 0.88 0.84 0.82
Recall 0.87 0.81 0.80
F1 0.87 0.82 0.80

identification in the western part of the Sulige gas field, and good results
have been achieved. This proves that the model applies to both lith-
ofacies prediction work in the study area with a large amount of labeled
data and a small amount of labeled data, and has good generalizability.
It provides a valuable modeling approach for identifying geological
units using machine learning.

In summary, when studying the use of machine learning to identify
sedimentary and hydrocarbon geological units, it is important to balance
the focus on algorithm sophistication with the characterization of the
geological targets themselves and their integration with machine
learning models. Last but not least, there are differences in lithofacies
characteristics and well logging curve resolution in different study areas.
In further studies, using further integration improving the sophistication
of the algorithms and training the models with a large number of real
datasets from different geological backgrounds and logging instruments
will help to obtain more accurate and plausible conclusions as well as
more generalized classification models.
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