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Abstract

Carbonate reservoirs are influenced by structure, deposition and diagenesis, making its lithology
complex and diverse. Thus, carrying out the research of lithology identification is significantly essential
for reservoir evaluation. With the development of intelligent methods and ensemble strategies, the
stacked-driven ensemble method (SDEM) was proposed. Firstly, the lithologies were determined through
the logging while drill (LWD) data and core observations. And six sensitive wireline logs were selected as
the input of the SDEM, namely GR (natural gamma ray logging), DEN (density logging), AC (compensated
acoustic logging), RLLD (deep lateral resistivity logging), PE (photoelectric absorption cross-section
logging) and CNL (neutron logging). Then, a two-level SDEM was constructed. For the first level, base
models, including BPNN (back-propagation neural network), SVM (support vector machine) and DT
(decision tree), were used, while the DT was employed as the meta-model in the second level. In addition,
the grid search method combined with 10-fold cross-validation was adopted to search for the optimal
hyperparameters of SDEM. The results showed that the average classification accuracy of 10-fold cross-
validation reached 95.1%, which was higher (approximately 2.6%) than any individual method. Finally,
two cases in different regions in the Sulige gas field of Ordos Basin were discussed and the results
showed that the proposed SDEM outperforms all other individual approaches or traditional ensemble
learning methods (ELMs) with higher accuracy and superior performance. Subsequently, the developed
approach is applicable to the predictive work in other oil and gas exploration fields, which can improve
exploration precision and raise hydrocarbon production.

Introduction

Lithology identification is the basis of reservoir description, formation evaluation and reservoir
evaluation, especially for the carbonate reservoirs, which has the characteristics of strong heterogeneity
and complex lithology, making the lithology identification more difficulty (Bai et al. 2016; Zhao et al.
2017; Zhang et al. 2020). Therefore, a good understanding of the spatial distribution of lithology is of
great significance to the evaluation of carbonate reservoirs (Jia et al. 2025). At present, three methods,
mainly well logging, observations of well cores and the wireline logs analysis, are commonly used to
obtain the lithology information (Hughes & Thomas 2011; Liu et al. 2024; Wang et al. 2025). Due to the
subjectivity for the well logging method and the high cost for the well cores, the last method has become
an important means of lithology identification.

Presently, the methods on the lithology identification based with wireline logs are relatively mature,
mainly including qualitative analysis, crossplots analysis and mathematical methods (Li & Li 2013;
Horrocks et al. 2015; Insua et al. 2015; Konate et al. 2017; Abbey et al. 2018; Ren et al. 2019). Qualitative
analysis was commonly based on the morphological characteristics of the wireline logs, which was
rarely used (Horrocks et al. 2015; Insua et al. 2015; Ren et al. 2019). The crossplots, mainly including the
crossplots of GR with three porosity curves (AC, DEN, CNL) and the crossplot of PE and DEN, were used
for its simple characteristics. However, only two logs can be used and it cannot analyze the relationships
for the lithology with more logs, especially for complex carbonate reservoirs (Abbey et al. 2018; Ren et
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al. 2019). Considering the complexity and diversity of the carbonate reservoirs, there is a large overlap
between different lithologies with any two logs. The accuracy of lithology identification with this method
is reduced (Corina & Hovda 2018; Ren et al. 2019). In recent years, with the development of machine
learning (ML) methods, the third method has become a hot spot for the lithology identification of
carbonate reservoirs (Li & Li 2013; Konate et al. 2017; Xie et al. 2018; Ren et al. 2019; Bressan et al.
2020). Numerous studies of lithology identification with the ML methods, such as K-nearest Neighbors
(KNN) (Wang et al. 2018), Naive Bayes (NB) (Wang & Carr 2012), Support Vector Machine (SVM) (Li & Li
2013; Wang et al. 2014; Xie et al. 2018), Artificial Neural Network (ANN) (Bressan et al. 2020; Wang et al.
2025), Fuzzy Logic System (FLS) (Lopes & Andrade 2019), Decision Tree (DT) (Xie et al. 2018; Bressan et
al. 2020), Deep Learning (DL) (Xiang et al. 2020), have been carried out. Although each method has
shown high performance, certain shortcomings are inevitably existing, such as DL cannot estimate the
distribution characteristics of data without bias, ANN is prone to converging to local optimal values and
face an inherent contradiction between the generalization performance and learning capacity, et al.
These drawbacks collectively result in inferior generalization and weak robustness of the prediction
model, and additionally prevent it from effectively processing misclassified samples. Therefore, the
lithology identification of carbonate reservoirs based on a single machine learning method has certain
limitations (Tan et al. 2020; Shuvo & Joy 2024).

In order to solve the drawbacks of single method on the lithology identification, many scholars have
carried out the research on the another identification mechanism-ensemble learning method (ELM),
which combined one more learners (also called weaker learner or base model) with the bias and
variance into a better learner (also called strong learner or meta-model) (Xie et al. 2018; Tewari &
Dwivedi 2019; Bressan et al. 2020). Sun et al.(2019) analyzed three popular machine learning algorithms
(OVO SVMs, OVR SVMs and RF) for lithology identification and the RF classifier is better than the other
two classifiers with a accuracy of greater than 90%. Dev et al. (2019) applied recently developed gradient
boosted decision tree (GBDT) systems and achieved higher performance. The difference between
various ELMs is mainly on the ensemble strategy in the process of creating a strong learner. Commonly
used ensemble strategies were voting, averaging, boosting, bagging, et al. All these ensemble strategies
basically combined weak learners based on deterministic algorithms and cannot significantly reduce the
bias and variance of the prediction model (Dev & Eden 2018; Dev & Eden 2019; Sun et al. 2019; Tewari &
Dwivedi 2019; Tan et al. 2020). Another commonly used ELM was based on the stacked generalization
method (also called stacked-driven ensemble method, SDEM). SDEM is a two-level model, in which the
first level is inheriting and integrating the merits of base models and the second layer uses the meta-
model to reduce the bias and variance of the final model, thus, it improves the performance of the model
without the risk of overfitting (Fang et al. 2024; Wang et al. 2025). At present, this method has gained
much ground with the classification or regression problems in many fields (Zhai & Chen 2018; Agarwal &
Chowdary 2020; Sun & Li 2020). However, it remains an innovative technology for oil and gas exploration,
particularly for lithology identification.

In this study, we focus on the complex lithology identification based on a two-level SDEM with the
wireline logs, which provides a feasible method for the complex carbonate reservoirs. To accomplish this
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technical objective, the theory and methodology of SDEM and associated methods were investigated
initially. For the ensemble model, base models consisted of BPNN, SVM and DT, and the meta-model
was specified as DT. The grid search method combined with 10-fold cross-validation was adopted to
search for the optimal hyperparameters of SDEM. In order to analyze the generalization of method, two
cases of Well1 and Well2 within the Ma 5 Member of Majiagou Formation located in the eastern and
western regions of the Sulige Gas Field were tested. And the predicted were all well consistent with the
logging while drilling (LWD) equipment.

Theory and Methodology

In this section, the modeling structure of conventional ELM was presented. Moreover, each model used
in this paper and the ensemble strategies were also introduced.

Modeling structure

ELM represents a machine learning framework that addresses the target problem via the joint training of
multiple expert models, and combines the options of multiple experts to obtain a better decision result.
The ELMs help to reduce the chance of error while increasing the overall reliability and confidence of the
model (Dev & Eden 2018; Fang et al. 2024; Wang et al. 2025). Figure 1 shows the structure of ELM, which
consist two parts. One is the training process of multiple weak learner models. Each model will produce
a decision result based on the training sets. The second part is the ensemble strategy. Considering the
high bias and variance of base model, the ensemble strategy used the individual result produced by the
base learners as the input of the ELM. Thus, the misclassified samples were corrected and a
comprehensive result was obtained, which provided the best solution overall (Zhai & Chen 2018; Sun & Li
2020). This way of solving problems often occurs in part of human daily lives, such as, the article will be
reviewed by multiple experts before it is accepted or rejected, the company will call the relevant experts
to evaluate the projects before investing in them, the potential for gas or oil of one well will be evaluated
by the experts with various data before drilling, et al. All the situations above are the committee of
experts to reduce the risk of taking a wrong decision on a problem. Therefore, in terms of practical
application and theory, the ensemble learning methods will achieve better results, less risky and
unbiased, than the individual method (Agarwal & Chowdary 2020; Tan et al. 2020).

ELMs can serve as an effective approach for both classification and regression. Depending on the
problem solved, the base models are also different. The classification problems output different
categories (Dev & Eden 2018; Dev & Eden 2019), and the regression problems output the specific value
(Zhai & Chen 2018; Agarwal & Chowdary 2020; Sun & Li 2020). The lithology identification problem based
on wireline logs developed in this paper is a classification problem.

Base models
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The lithology identification is a classification problem, thus some methods that can be competent for
classification were used. Considering the complex nonlinear relationship between wireline logs and
lithology, three methods, including DT, BPNN and SVM, were chosen as the base model, while the DT
method was adopted as the meta-model. The three models have their own advantages, such as BPNN
has the ability of strong learning and processing noisy data (Bressan et al. 2020), DT method fully
considers the mutual relationships between different features (Xie et al. 2018; Bressan et al. 2020), SVM
has the excellent generalization ability (Bressan et al. 2020). Three methods are described as follows.

The DT is a supervised classification method with the tree structure. The root node of tree will be
achieved that best divides the training data. From the root node, each internal node (non-leaf nodes)
represents the splitting boundaries of selected feature, each branch represents the discriminant results
based on the above internal node, the leaf nodes represent the final classification results (Xie et al. 2018;
Bressan et al. 2020). The DT mainly includes two processes, namely the construction of tree and the
classification with tree. The former process is used to summarize the decision tree with training sets.
The latter is used to classify the training sets (Xie et al. 2018; Bressan et al. 2020; Tan et al. 2020).

The BPNN is a multi-layer feed-forward neural network based on the gradient descent method, which
was proposed by Rumelhart and McClelland in 1986 (Rumelhart et al. 1986). It consists two stages,
namely the signal forward propagation and error back-propagation. In the forward propagation stage,
signals are transmitted from the input layer through the hidden layer and finally to the output layer.

The second stage corresponds to error back-propagation, where the gradient descent algorithm is
adopted to update the weights and biases between the output and hidden layers, as well as those
between the hidden and input layers. The ultimate objective is to minimize the sum of squared errors.
The training process terminates when the error converges to a minimum value or the predefined number
of iterations is reached (Bisoyi et al. 2019).

The SVM is a machine learning method developed on the basis of statistical learning theory, which was
proposed by Vapnik (1995). The method aims to minimize the structural risk, thereby enhancing the
generalization capability of the learning model and enabling satisfactory statistical inference even with
limited training samples. At present, this method has been widely used in petroleum exploration fields
such as reservoir lithology identification, fluid identification, and reservoir prediction (Wang et al. 2014;
Tan et al. 2020; Zhang et al. 2024). The fundamental principle of SVM lies in establishing an optimal
separating hyperplane to distinguish different types of samples. The hyperplane is optimized by
maximizing the distance to the closest samples of the two categories. Considering the problem solved, it
is difficult to find a linearly separable hyperplane, that is, most of the problems solved are linearly
inseparable. Therefore, the kernel function is used to convert the nonlinear problem into a linear problem
(Zhang et al. 2024). Simultaneously, considering the noise samples in the training sets, a penalty factor
is added into the establishment of the SVM model, which aims to punish the misclassified sample
points, reduce the sensitivity of the model to the noise points and then improve the generalization
performance of the model (Vapnik 1995; Zhang et al. 2024).
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Ensemble strategy

The ensemble strategy is important for the ELMs. Different from others ensemble strategies (Dev & Eden
2018; Dev & Eden 2019; Sun et al. 2019; Tewari & Dwivedi 2019; Tan et al. 2020), the SDEM is based on
the stacked generalization, which was firstly put forward by Wolpert (1992). By integrating different base
learners, the SDEM achieves a more accurate result owning to different base learners can provide
various information from different perspectives and compensate the errors originating from individual
model (Wolpert 1992). This method is a hierarchical ensemble model, mainly including base model and
meta-model. To enhance the generalization performance of the proposed method, K-fold cross-
validation is employed during the training of the base learners. The output of base model is used as the
features for the meta-model. Then the final output is obtained with the meta-model (Zhai & Chen 2018;
Agarwal & Chowdary 2020; Sun & Li 2020).

As described in Fig. 2, the model construction of proposed SDEM included two levels (Wolpert 1992; Sun
& Li 2020):

(1) LevelO

Here, a common base model was used to describe the construction process and the 5-fold cross-
validation was used. Actually, different K values of fold can be selected and the base model can use the
different or same model. For the different base model, the training process is the same. Level0 can be
divided into three steps.

Step1: Dividing the sample set into training sets and test sets, with size of M and N, respectively.

Step2: 5-fold cross-validation was employed for the base model. The training set was randomly divided
into 5 subsets, denoted as T1, T2, T3, T4 and T5. In each fold, four subsets with a total size of 4*M/5
were used as training data, and the remaining subset of size M/5 served as the test set. Based on the
base model, five prediction results, named P5, P4, P3, P2 and P1, were obtained when the process
repeated five times. The prediction results of test data were accordingly obtained with the five training
models and the result were correspondingly labeled as T-P1, T-P2, T-P3, T-P4 and T-P5.

Step3: The prediction outputs of five training subsets were stacked to form an M*1 matrix denoted as
A1. The prediction results of five test subsets were averaged to form an N*1 matrix denoted as B1. A1
and B1 were shown in the last column of the LevelO in the Fig. 2.

Based on the above process, the other two base models are used and the matrix of A2, B2 and A3, B3
were obtained.

(2) Levell

Step1: The outputs of the base models, i.e., matrices A1, A2, A3and B1, B2, B3, were concatenated to
form new matrices that serve as input features for the meta-model. Specifically, A1, A2 and A3 were
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used as the new training set, while B1, B2 and B3 constituted the test set. In the process of construction,
all the samples label did not change.

Step2: The meta-model is trained based on the newly constructed training set and test set. And then final
prediction result was obtained.

Workflow

As shown in Fig. 3, the research workflow for the lithology identification of carbonate reservoirs in this
paper is presented in detaillt is carried out in four parts.

Part1: Wireline logs parameters analysis. Based on the LWD data and the core observations, the lithology
developed of sutdy area were analyzed. The characteristics of wireline logs for different lithologies were
also analyzed with the Boxplot tool, indicating the sensitive parameters for differetnt lithologies.
According to the analysis results, the training, validation, and test sets required for modeling were
accordingly obtained.

Part2: Model optimization. The optimal hyperparameters for each base model were determined using
grid search integrated with K-fold cross-validation. For BPNN, the key hyperparameter optimized was the
number of hidden layer nodes(num_hidden_nodes). For the DT, In the case of the DT, the focus was on
two key parameters: maximum depth (max_depth) and minimum number of samples per
leaf(min_sample_leaf). As for the SVM, the hyperparameters optimized were the error penalty
parameter(C) and the kernel coefficient.

Part3: Ensemle method. Three base models are established with the optimized hyperparameters and the
outputs of three base models were obtained with the training sets with the steps as is shown in Fig. 2.
Then the DT was used as the meta-model and made the final judement with the three outputs of base
models.

Part4: Result analysis. According to the identification results, the evaluation standards, such as
confusion matrix, accuracy, precsion, recall and f1-score, were adopted to assess the prediction
performance. To further vertify the generalization performance and robustness of the predictive model,
two cases in the Majiagou Formation Ma 5 Member in the east and west of the Sulige Gas Field were
tested.

Result

In this section, the SDEM was applied using wireline logs in the Sulige gas filed in Ordos Basin. Four
sections were introduced, namely data background, wireline log parameters analysis, model optimization
and the result analysis of lithology identification.

Data background
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The data studied is located in the eastern part of Sulige Gas Field in the Ordos Basin and the Ma 5
Member in Majiagou Formation is an important gas-bearing reservoir, which is the target formation (Gu
et al. 2017; Bai et al. 2016). The porosity in this area is mainly distributed in 2-6% and the permeability is
less than 0.02 x 10-3um?, with the characteristics of low porosity and low permeability (Jia et al. 2025).
According to the core observations and LWD data analysis, the lithologies of the Ma 5 Member
predominantly consist of limestone (L), dolomitic limestone (DL), argillaceous limestone (AL), dolomite
(D), calcite dolomite (CD) and argillaceous dolomite (AD) (Zhang et al 2022). The gas-bearing reservoirs
are generally distributed in two types of lithology, calcite dolomite and dolomitic limestone (Gu et al.
2017). Therefore, the research of lithology identification is of great significance for the reservoir
evaluation of oil and gas.

In this work, 2934 data samples from 3 wells in the Ma 5 Member of the study area were employed as
the dataset for the lithology identification model. These samples were partitioned into three subsets:
1642 samples (training sets) for model training, 705 samples (validation sets) for model validation and
hyperparameters optimization, and 587 samples (test sets) for independent testing to quantitatively
assess the lithology identification performance.

Wireline logs parameter analysis

In order to identify lithology with wireline logs, the wireline logs parameters analysis with different
lithologies should be studied and the sensitivity parameters should be selected (Zhang et al. 2020).
Through previous studies on the carbonate reservoirs and the analysis of logging data in the study area,
different wireline logs exhibit distinct indicative significance for lithology identification, such as GR
(natural gamma ray logging) and PE (photoelectric absorption cross-section logging) are primarily
sensitive to reservoir lithology. The AC (compensated acoustic logging), CNL (neutron logging) and DEN
(density logging) predominantly characterize the physical properties of the reservoirs, while RLLD (deep
lateral resistivity logging) serves as an effective indicator of gas-bearing properties. Different wireline
logs reflect different characteristics of reservoirs in various aspects (Zhang et al. 2020). Thus, these six
wireline logs are adopted as the input parameters of SDEM method.

Based on the 2934 data samples in the study area, the Boxplot of each wireline log were obtained for
different lithologies. The Boxplot contains the minimum value, maximum value, median value, 25%
percentile value, 75% percentile value and the outliers of the samples (Li et al. 2016). The box size
represents the interval between the 75th and 25th percentiles. A larger box size corresponds to a more
dispersed data distribution and stronger data fluctuation. Otherwise, the distribution of the data is more
concentrated. Compared with other plots, the Boxplot has obvious advantages, which clearly shows the
distribution characteristics and the comparative analysis results between multiple variables of different
lithologies types (Li et al. 2016).

Figure 4 shows the Boxplot of the wireline logs with different lithologies. The detailed lithologic
characteristics of different wireline logs are shown as follow.
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(1)The AC log: As is shown in Fig. 4a, the value of AC for lithology of L, DL and AL is higher than D, CD
and AD. The value for lithology of L is mainly distributed between 156.1 us/m and 158.4 us/m and the
size of box is small, indicating the distribution of data is comparatively concentrated, with a value of 157
us/m. The lithologies of DL have a higher overlap with lithology L, mainly between 155 us/m and 161.1
us/m. Compared with other lithologies, the value of lithology AL is the highest, with a value of 159.4-
171.3 us/m, and the lithology D is the lowest, with a value of 146.4-152.9 us/m. The lithology of CD and
AD are overlapped with other lithologies, the former is mainly distributed at 149.6-157.4 us / m and the
latter is mainly at 155-165.5 us / m.

(2) The GR log: As is shown in Fig. 4b, the value of GR is higher when the carbonate reservoirs contain
clay minerals. And the value will be higher as the contents of clay minerals increases. Therefore, the GR
log can be used to clearly distinguish the lithologies of AL, AD with other four lithologies. The lithology
AL is mainly distributed between 32.74 APl and 59.17 API and the maximum value is up to 97.2 API. The
lithology AD are mostly ranging from 30.8 API to 57.6 API, and concentrated in 40.6 API. The other four
lithologies are primarily below 20 API and the lithologies of L and D are the lowest.

(3) The CNL log: As is shown in Fig. 4c, the value of CNL log for lithology L can be clearly distinguished
from other lithologies, mostly below 1.28%. The value of AD and AL are much higher than DL, D and CD.
The lithology AD is chiefly distributed at 5.0-8.6%, the AL ranges from 2.76% to 7.08%. Other lithologies,
including DL, D and CD, have a high degree of overlap, mostly less than 6.5%.

(4) The DEN log: As is shown in Fig. 4d, the value of DEN for lithologies L and D can be clearly
distinguished from the other four types of lithology. The lithology D is more than 2.82 g/cm?3, the
lithology L is less than 2.72 g/cm?3 and other four types of lithology range from 2.72 g/cm? to 2.82
g/cm?. The lithologies of AL and DL are generally smaller than those of AD and CD. The lithologies of AL,
DL, AD and CD are distributed at 2.71-2.76 g/cm?, 2.72-2.76 g/cm?3, 2.78-2.83 g/cm® and 2.77-2.82
g/cm?, in turn.

(5) The PE log: As is shown in Fig. 4e, the PE log is relatively sensitive to the lithology. Among six kinds
of lithologies, the lithology of L has the highest PE value, mostly higher than 5 b/e, the lithology of D has
the lowest PE value, mostly lower than 3.1 b/e. The PE value of other four types of lithology is between
the lithologies of L and D, and the lithologies of AL and DL is much higher than AD and CD. The PE value
of lithology AL and DL have a higher overlap, mainly distributed between 3.89 b/e and 4.43 b/e and 3.82
b/e and 4.37 b/e, respectively. The lithology AD are mostly distributed at 3.10—3.52 b/e and CD are at
3.25-3.57 b/e.

(6) The RLLD log: As is shown in Fig. 4f, six types of lithology have a bigger size of boxes on RLLD
compared with other five wireline logs. This phenomenon shows that the samples on the RLLD is more
scatter and the distribution range is wider. On the whole, the RLLD value of lithology L is much higher and
the AL and AD is smaller among six types of lithology. The distribution of AL and AD is mostly
overlapped. The lithologies, including D, CD and DL, also have a high degree of overlap, in which the D is
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mainly ranging from 2.42 Q.m to 3.77 Q.m, the CD is between 2.50Q0.m and 3.62 Q.m, the DL is between
2.450.m, and 3.75Q.m.

It can be seen from the Boxplot of wireline logs for different lithologies that each wireline log has a
certain indication to the different lithologies, while the high overlaps make the lithology identification
uncertainty with a single wireline log. Therefore, multiple wireline logs should be considered for the
lithology identification.

Model optimization

The base model in the SDEM usually involve multiple hyperparameters and the value of hyperparameters
exert a significant influence on enhancing model performance. The model optimization is to use an
evaluation standard to evaluate the performance of the classifier with different hyperparameters and to
obtain the optimized hyperparameters for each base model (Xie et al. 2018; Tan et al. 2020). Here, the
grid search method was employed to traverse all hyperparameter combinations, and a 10-fold cross-
validation strategy was adopted for each combination, with classification accuracy serving as the
evaluation metric. The combination achieving the highest accuracy was selected as the optimal
hyperparameter configuration (Xie et al. 2018; Tan et al. 2020). The classification performance of DT is
highly dependent on the hyperparameter max_depth and min_samples_leaf. The DT with too larger
max_depth tends to cause the phenomenon of overfitting. The hyperparameter min_samples_leaf serves
to perform pruning on the decision tree. The node will be pruned for the number of leaf node less than
the sample data (Xie et al. 2018; Bressan et al. 2020; Tan et al. 2020). Figure 5a shows the plots of
average cross-validation accuracy and the variance based on the validation sets for the hyperparameter
max_depth. The plot of average cross-validation accuracy shows the accuracy under each
hyperparameter and the plot of variance shows the deviation of accuracy for each fold. So it is
necessary to consider two plots simultaneously when choosing the optimal hyperparameters. The cross-
validation accuracy was highest and the variance was lowest when the max_depthis 9, 33 and 37, as the
cross-validation accuracy was approximately 95%. Considering that the training time will increase as the
maximum depth increases, the max_depth equals to 9 was selected as the optimal hyperparameter in
case of high accuracy and low variance. Figure 5b shows the plots of average cross-validation accuracy
and the variance based on the validation sets for the hyperparameter min_samples_Ileaf. The cross-
validation accuracy was highest (approximately 0.95) when the min_samples_leafwas 5 and 7. While,
compared with the variance of two hyperparameters, the min_samples_leaf equals to 7 was chosen as
the optimal hyperparameter. Finally, the optimal classifier was obtained when the max_depth was 9 and
the min_samples_leaf was 7.

The BPNN is typically configured as a three-layer network, consisting of one input layer, one hidden layer,
as well as one output layer. The number of nodes in the input layer is the same as the dimension of the
input data, and the number of nodes in the output layer matches the number of classification categories.
Considering that the nodes number of input layer and output layer is constant, the classification

performance of BPNN is highly dependent on the hyperparameter num_hidden_nodes (Rumelhart et al.
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1986; Bisoyi et al. 2019). Increasing the num_hidden_nodes can reduce network errors and improve
model accuracy. However, it also prolongs training time, enhances the tendency of overfitting, and
increases network complexity. By continuously updating the num_hidden_nodes, the generalization
ability of the network can be improved (Bisoyi et al. 2019; Tan et al. 2020). Figure 6 shows the plots of
average cross-validation accuracy and the variance based on the validation sets for BPNN model with
different num_hidden_nodes. It can be seen that the cross-validation accuracy was the highest
(approximately 0.72), when thenum_hidden_nodes was 216, 256 and 296. While the plot of variance
shows that the variance was relatively small (approximately 0.031) when the num_hidden_nodes equals
296. Therefore, the optimal BPNN classifier was obtained when the num_hidden_nodes was 296. For the
BPNN model, the sigmoid function was adopted as the activation function and the optimized stochastic
gradient descent algorithm served as the weight optimizer.

The classification performance of SVM is highly dependent on the hyperparameter C and kernel function
coefficients (Wang et al. 2014; Tan et al. 2020; Zhang et al. 2024). As the value of Cincreases, the
penalty for misclassified samples becomes more severe. This will result in a higher accuracy for the
training sets and leads to the phenomenon of overfitting and a weak generalization ability for the
constructed model. Conversely, the smaller of hyperparameter C, the milder the penalty. It will enhance
the fault tolerance and the generalization ability, while the phenomenon of underfitting will occur (Wang
et al. 2014). In the SVM, the radial basis function (RBF) is used as the kernel function and the gamma is
the kernel function coefficients (Wang et al. 2014), which implicitly determines the distribution of the
data mapped to the new feature space. A larger gamma value corresponds to fewer support vectors,
whereas a smaller gamma value results in more support vectors. The number of support vectors affects
the time and speed of model training and prediction (Wang et al. 2014). The range of two
hyperparameters that require tuning is shown in Table 2. The hyperparameters C ranged from 10”° to
10° with the increment of 10 and the gamma ranged from 10”7 to 102 with the increment of 10. With the
pairs of C and gamma, the average accuracy of 10-fold cross-validation was obtained. Based on the 121
points, the contours map of accuracy was plotted (Fig. 7). On the whole, the average accuracy varied
greatly with different pairs of C and gamma. The while region in Fig. 7 represented the average accuracy
of less than 0.6 and the filled region was above 0.6. The average accuracy greater than 0.9 was primarily

distributed in the right region, where the C was between 10° and 10° and the gamma was between 103

and 10". Compared with all the result, the optimal hyperparameters for SVM classifier was 10° and 10”2
Table 2 shows the hyperparameters of each model, search range and the optimal hyperparameters
achieved.

Table 2. Model hyperparameters of each base model and corresponding optimal values
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Base model Hyperparameters Searchrange Optimal hyperparameter
BPNN num_hidden_nodes  100-300 296
SVM C 10~ 5-10° 1000
gamma 10-7-103 0.01
DT max_depth 5-100 9
min_sample_leaf 5-100 7

Result analysis

On the basis of 1642 training sets and 705 validation sets, the optimal hyperparameters of three base
models were obtained and then the optimal SVM, BPNN and DT models were consequently concluded.
Based on the three base models, the SDEM were constructed as is illustrated in Fig. 2. To evaluate the
practical application performance, 587 test samples data in the study area were used for analysis.

Figure 8 shows the prediction results of proposed method and three individual methods for six kinds of
lithologies. Some conclusions were achieved. For lithology L, there were 49 samples among the test
sets. The result of BPNN had one misclassification sample. The accuracy of two other individual
methods and the SDEM reached 100%. For lithology DL, the SDEM had obvious advantages over other
methods and the prediction accuracy was approximately 96.5%. For lithology AL and CD, the SDEM and
DT achieved higher accuracy than the other two methods, both of which exceeded 97%. For lithology D,
the SDEM and SVM had a higher prediction accuracy, up to 97.1%. Whereas, the DT and BP were
approximately 95.6%. For lithology AD, 176 samples were turned out to be consistent with the true label
among 177 samples and the SVM had a higher misclassification samples. Compared with the result of
all the lithologies, each single method had its own advantage for each lithology, however, the proposed
method SDEM was higher than any of single method for any of lithologies.

In order to further discuss the prediction effect and robustness of the SDEM, the 10-fold cross-validation
method was utilized to evaluate its performance. Figure 9 shows the cross-validation accuracy of
lithology identification in each fold and the average cross average accuracy (grey box in Fig. 9). On the
whole, seven out of ten prediction results had a higher accuracy for SDEM than other methods and the
average cross-validation accuracy was 95.1%. The average cross-validation accuracy of SVM, DT and
BPNN was 93.7%, 92.7% and 91.0%, respectively. Compared with the calculated variance in 10-folds, the
variance for SDEM was also the lowest, approximately 0.02, which shows that the SDEM is stable.

In conclusion, the prediction accuracy of three single methods and SDEM shows that the SDEM has
higher accuracy than any of single method and can effectively improve the performance of lithology
identification for carbonate reservoirs.
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Case study

The implementation above proved that the SDEM showed high performance. To further prove the
generalization capability and effectiveness of the proposed model, two cases, including two wells, were
selected. By calculating the confusion matrix, the evaluation standards of accuracy, precision, recall and
f1-score were obtained (Xie et al. 2018; Bressan et al. 2020).

(1) Case1

Well 1 is located in the carbonate reservoir of the eastern Sulige Gas Field, Ordos Basin and it belongs to
the same area as the data used in this study. The target formation is the Ma 5 Member and six kinds of
lithologies, including L, DL, AL, D, CD and AD, are developed. The selected sensitive wireline logs
comprise AC, GR, CNL, PE, DEN, and RLLD.

As illustrated in Fig. 10, a comprehensive histogram of SDEM-based predicted lithology is presented.
Panel 3 to panel 6 exhibit the lithology-sensitive wireline logs (GR, PE, AC, DEN, CNL, and RLLD) arranged
from left to right and top to bottom. Panel 7 is the LWD data and the last panel is lithology identification
result with SDEM. Through comparative analysis, the identification result with SDEM was highly
correlated with the LWD data. It can also be seen from the panel 7 that there are many thin layers in
Well1, with a thickness of 0.2—-3.2 m. Based on the statistical result of thickness for lithology
identification, three sections, mainly greater than 1.2m, 0.6-1.2m and less than 0.6m, were divided for
different thickness of layers. The number of samples with thickness greater than 1.2m was 767 and the
identified samples correctly was 752. The number of samples with thickness between 0.6 m and 1.2 m
was 376 and the correct samples was 359. The number of samples with thickness less than 0.6 m was
330 and the correct samples was 306. The accuracy of three sections were 98.0%, 95.5% and 92.7%,
respectively. As the decrease of the thickness, the identification accuracy was decrease. The thickness
of layer less than 0.4m was also analyzed and the accuracy is only 86.6%. The SDEM cannot obtain a
satisfied result of lithology identification when the thickness of layer was less than 0.4m. Therefore, the
SDEM had better performance for the identification of thin layer and the minimum thickness that can be
identified is between 0.4 m and 0.6 m.

Figure 11 shows the confusion matrix obtained by the SDEM. The vertical direction represents predicted
lithology type and the horizontal direction represents the true lithology type. The number of lithology L,
DL, AL, D, CD and AD were 70, 219, 118, 69, 393 and 604 with LWD equipment, respectively. The number
identified correctly were 67, 216, 110, 67, 367, 590 and the overall accuracy was approximately 96.2%.
For each lithology, the four types, including L, DL, AL and D, tended to be good performance, whereas, the
lithology of CD and AD were likely to be misclassified. Other than confusion matrix and accuracy, f1-
score, precision and recall were also used as evaluation metrics. In terms of recall, the classification
accuracy of the six types of lithology was basically above 90%, indicating that the proportion of each
lithology identified correctly was high among the true lithology type. From the perspective of precision, in
addition to lithology DL, the classification accuracy of the other five types was also above 90%, indicating
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that the proportion of each lithology identified correctly was high among the predicted lithology type. The
value of f1-score, which was synthetically the weight of recall and precision, was also high, indicating
better performance of SDEM.

(2) Case2

Well 2 is located in the carbonate reservoir of the western Sulige gas field, Ordos Basin. The target
formation is also the Ma 5 Member, which contains six types of lithologies and six wireline logs
described above. There are a total of 840 sample data in with lithologies for Well2. The number of
lithology L, DL, AL, D, CD and AD are 109, 59, 193, 3, 99 and 377, respectively, which shows the obvious
characteristics of unbalance for each lithology. Figure 12 shows the comprehensive histogram with
predicted lithology based on SDEM, in which the panel 7 is the LWD data and the last panel is lithology
identification result with SDEM.

From the qualitative view, these two panels were basically consistent. Compared with other lithologies,
the lithology of D and DL were relatively undeveloped. However, for these undeveloped lithologies, the
SDEM can also effectively the corresponding lithology, such as the developed lithology D at the depth of
3451.5-3505, the developed lithology DL at the depth of 3532.875-3535.375 m, et al. Thus, the SDEM
improves the phenomenon of “underestimation of few samples”. The samples, with a thin thickness less
than 0.5m at the depth of 3520.125-3520.375m with developed lithology DL and 3510.25-3510.625m
with the developed lithology CD, can also be identified, indicating the advantages in thin thickness of
layer in Well2. From the quantitative view, the number of predicted lithology corresponding L, DL, AL, D,
CD and AD was 106, 58, 190, 3, 94, and 353, respectively. The accuracy of each lithology identification
was high (basically above 95%) in addition to the lithology AD with too many misclassification samples.
The advantages of the SDEM can especially be reflected for that the lithology D only had three sample,
however, the three samples were all identified correctly.

Figure 13 shows the comparison results of two cases above with single method and traditional ELM,
respectively, where the green color represents Well1 and the cyan color represents Well2. Figure 13a is
the comparison plots of SDEM with its individual method for two wells. As can be seen in Fig. 133, the
accuracy of four methods for Well1 are all above 93% and the SDEM get the highest accuracy,
approximately 96.2%. For Well2, the SDEM also gain a good performance, with an accuracy of 95.4% and
1.4% higher than other three methods.

Figure 13b is the comparison plots of SDEM with traditional ELMs for two wells. Here the random forest
(RF) method, which is the representative of the bagging methods, and the gradient boosting decision
tree (GBDT) method, which is the representative of the boosting methods, were selected as the
traditional ELMs. By contrast, the SDEM got the highest accuracy for Well1, followed by RF and the worst
was GBDT. For Well2, the highest accuracy was also the SDEM, then GBDT and the worst classifier was
RF.
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Comparing the two cases, it can be seen that the individual method in the SDEM method or the
traditional ELMs can gain a good performance with the SDEM in one case, however, it is lower in the
other cases. That is, these individual method or traditional ELMs have different application effects for
different cases. However, the SDEM can all get high performance for different cases and can be
popularized with other oil or gas field with the same characteristics of this two cases.

Discussion

In the present study, BPNN, SVM and DT served as the base models to establish the SDEM. In addition,
other machine learning methods can also be used. The reasons to choose these three methods are
mainly in their own advantages, including the learning ability of the training sets, the prediction
performance of the unbalanced data, the generalization ability, the processing ability to the multiple
variables, et al. In close future, other classification methods, such as KNN, NB, FL, perceptron neural
network (PNN), et al., can also be explored in the lithology identification. The base models used in this
paper are only some simple methods. As can be seen from the comparison result, the traditional ELMs,
such as RF and GBDT, are also gaining a good performance. Therefore, we can also consider these ELMs
as the base model to conduct in-depth analysis on the performance of SDEM.

For the level2 of the SDEM, the logistics regression (LR) method is usually recommended as the meta-
model. In fact, we tested the accuracy when the LR method was used, however, its accuracy is lower
(Sun & Li 2020). By contrast, the DT model achieves higher accuracy than that of the LR model. We will
continue investigate more classifier methods as meta-model in the near future and compare the
performance between them.

Conclusions

This study focuses on lithology identification for complex carbonate reservoir based on SEDM combined
with wireline logs. The theory related to the lithology identification methods were introduced and a
systematic workflow was also established. Based on the comprehensive study, several important
conclusions are presented.

(1) Lithology identification is a classification problem. The base model selected in the SDEM has a
classification function. Three models, BPNN, DT and SVM were used as the base model in this paper.
The ensemble strategy was important for the SDEM and the DT gained good performance using as the
meta-model comparing with LR model commonly used.

(2) Based on the LWD data and core observations, six kinds of lithologies (L, DL, AL, D, CD and AD) are
developed and six kinds of lithology-sensitive wireline logs (AC, GR, CNL, PE, DEN, and RLLD), are
chosen. The Boxplot is also used to analyze the lithologic characteristics of different wireline logs.
Multiple wireline logs are taken into account for constructing the identification model and the nonlinear
relationships between wireline logs and lithology are built.
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(3) The hyperparameters of BPNN, SVM and DT are determined through the grid search combined with
10-fold cross-validation, followed by the establishment of the SDEM. The test results showed that the
proposed method gained good performance, approximately 95.1%, than its individual methods.

(4) Based on the same training sets, the established model is applied to two carbonate reservoirs with
similar characteristics. All the evaluation standards (accuracy, precision, recall and f1-score) is not less
than other individual methods or the traditional ELMs. The proposed method also improves the identified
performance of “underestimation of few samples” and the thin thickness of layers.

In summary, it is reasonable to conclude that the SDEM exhibits superior predictive performance to all its
individual methods or traditional ELMs. Accordingly, the proposed method is expected to be applicable
for lithology identification in other analogous gas or oil fields, and can be further extended to other
carbonate reservoirs exploration tasks, such as fluids typing, petrophysical analysis, et al.
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Figure 9

The comparison of the 10-fold cross-validation accuracy and average accuracy between SDEM and three
individual methods. The grey box indicates the average accuracy of 10-fold cross-validation.
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Figure 10
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Lithology identification result based on SDEM in Well1
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Figure 11

The confusion matrxi obtained with SDEM in Well1
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Figure 12

Lithology identification result based on SDEM in Well2. The legend for litholgy is shown in Fig.11.
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Figure 13
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Comparision result with individual method, traditional ELM and SDEM for two cases. The y axis
represents the relative accuray compared with 0.9. The texts in the histogram represtent the accuracy of
each method. a Individus| method and SDEM. b Traditional ELM and SDEM.
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