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Abstract: Reservoir lithology identification is the basis for the exploration and development of
complex lithological reservoirs. Efficient processing of well-logging data is the key to lithology
identification. However, reservoir lithology identification through well-logging is still a challenge
with conventional machine learning methods, such as Convolutional Neural Networks (CNN), and
Long Short-term Memory (LSTM). To address this issue, a fully connected network (FCN) and LSTM
were coupled for predicting reservoir lithology. The proposed algorithm (LSTM-FCN) is composed
of two sections. One section uses FCN to extract the spatial properties, the other one captures feature
selections by LSTM. Well-logging data from Hugoton Field is used to evaluate the performance.
In this study, well-logging data, including Gamma-ray (GR), Resistivity (ILD_log10), Neutron-density
porosity difference (DeltaPHI), Average neutron-density porosity(PHIND), and (Photoelectric effect)
PE, are used for training and identifying lithology. For comparison, seven conventional methods are
also proposed and trained, such as support vector machines (SVM), and random forest classifiers
(RFC). The accuracy results indicate that the proposed architecture obtains better performance.
After that, particle swarm optimization (PSO) is proposed to optimize hyper-parameters of LSTM-FCN.
The investigation indicates the proposed PSO-LSTM-FCN model can enhance the performance of
machine learning algorithms on identify the lithology of complex reservoirs.

Keywords: complex reservoir; lithology identification; machine learning; LSTM-FCN; PSO optimization

1. Introduction

Lithology identification plays a critical role in reservoir characterization and reduc-
ing the risk of exploration and development. It creates lithological patterns by analyz-
ing, calculating, and studying geophysical data of rock strata measured along borehole
sections [1]. The classification of lithologies is the foundation for reservoir characteriza-
tion and geological analysis as it represents the reservoir’s petrophysical characteristics.
Establishing sign information through lithology identification provides engineers with
better design and formulate plans. The information brought by lithology identification can
help to understand the physical properties and production state of rocks, which is critical
for on-site mining. If something goes wrong in this link, it will cause significant economic
losses and impact safe mining and other aspects.

Studies on lithology identification can be classified into two categories: direct and
indirect methods [2]. The direct approach involves collecting core samples at a particular
formation for visual observation and laboratory analysis to establish information that is
valid and accurate. Three main core analysis methods used to identify lithology include:
(1) direct observation: identifying lithology by observing core physical properties [3].
(2) slice analysis: core samples are sectioned to identify lithology using analytical instru-
ments [4]. (3) physical experiments: various optical instruments are used to identify and
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analyze core features [5–7]. Direct identification is the most accurate way to identify lithol-
ogy, but it is usually conducted manually, which is a time-consuming, laborious, and highly
subjective process that necessitates the use of highly skilled and dedicated professionals [8].
However, in actual oilfield production, core samples are rare due to difficulties in obtaining
cores. So, it is hard to identify the lithology and physical properties of the whole well [9].
In contrast, indirect approaches entail the use of well logs, which measure the physical
properties of formations and fluids, providing the majority of the subsurface data available
to reservoir engineers. Indirect approaches based on inversion results and rock physics
relationships are often limited by the inversion accuracy and reliability of the rock physics
relationships, which are challenging to be applied in complex reservoirs. Thus, there is a
need for more robust and efficient methods for lithological identification.

Machine learning techniques demonstrate prominent performance for lithology iden-
tification. Researchers identified lithology with sample classifier algorithms. A modified
random forest algorithm, named probabilistic random forest (PrRF), was proposed [10] to
aim at probability-based fuzzy for borehole lithology. Then, Stephen et al. [11] mapped the
lithology using random forests. It improved the accuracy of a random forest in lithology
identification. Liu et al. [12] combined the support vector machines (SVM) model with
a sequence algorithm to improve the accuracy of SVM for high-similarity lithological se-
quences. The implant particle swarm optimization-support vector machines (IPSO-SVM)
model also provided support for element logging of shale formation [13].

Neural network algorithms were also widely applied in the field of lithology identifi-
cation. Morteza [14] applied ANN algorithms in lithology identification. Then, the CNN
model and the FCN model have made significant progress in lithologic image recognition
and feature extraction [15–18]. Similarly, the LSTM model has also been applied in the
conditions of different layers for lithology identification, dealing with time series data
well [19–21]. Due to the limitations of a single algorithm, the hybrid algorithm model has
received considerable attention. The CNN-LSTM model showed good performance in
logging curve prediction [22–24].

With the development of technology, the update of hybrid machine learning models
has also advanced. Compared to the CNN-LSTM model, the LSTM-FCN model does not
require complex data preprocessing or feature engineering [25]. Fitting the LSTM model
and the FCN model, greatly improved the ability of the FCN layer in processing time series
classification. In recent years, the LSTM-FCN model has been developed for computing,
medicine, and other fields [26,27]. The application of LSTM-FCN in these fields provides a
reference for its application in lithology identification.

However, tuning hyper-parameters for higher accuracy in the lithology identification
process using hybrid models is very time-consuming. Therefore, adding an optimization
algorithm to the mixed model has been widely used.

Soltani et al. [28] proposed the PSO-K-means method for lithology identification in
high salinity reservoirs, and the accuracy of the optimized model is increased by 7%.
Zhang et al. [13] greatly improved the accuracy of SVM for lithology identification through
the improved PSO algorithm.

Studies have achieved good results using previous classifiers to analyze and identify
lithology, however, most of the research focuses on mature classifiers [29–31]. This study
works on the gaps in the technology by developing a PSO-FCN-LSTM model that can good
dealing with discrete data. The new hybrid model extracts the critical information of the param-
eters and features for lithology prediction and improves the prediction accuracy by optimizing
the algorithm. It is designed and developed for highly heterogeneous complex reservoirs.

The rest structure of this paper is as follows. Section 2 explains the algorithm and archi-
tecture of the proposed PSO-LSTM-FCN neural networks. Section 3 presents experimental
results and discusses the performance in terms of accuracy. The results show that compared
with the existing lithology classification techniques, the accuracy of the proposed classifier
is improved by 14%. Section 4 leads to limitations and future work of the proposed hybrid
model. Section 5 summarizes the main conclusions of our work.
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2. Proposed Method
2.1. Recurrent Neural Networks

A recurrent neural network (RNN) is an artificial neural network (ANN) with a tree-
like hierarchical structure, and network nodes recurse input information according to their
connection order. It is one of the deep learning algorithms. RNN is very effective for
sequential data. It can mine temporal and semantic information in data. Pascanu et al. [32]
implement RNN to maintain a hidden vector h that is updated at time step t,

ht = tanh(Wht − 1 + Ixt) (1)

where tanh is the activation function, xt denotes the input vector at time step t, W denotes
the recurrent weight matrix, and I denotes the projection matrix. A hidden state, h, and a
weight matrix, W, can be used to make a prediction, yt.

yt= softmax(Wht − 1) (2)

In the following equation, σ stands for activation function. RNN is used repeatedly
as a unit structure whose output is determined by both memory and input at the current
moment. It also filters information features by applying nonlinear mapping of activation
function and gradually passes on the information.

hlt= σ(Whlt − 1 + Ihlt − 1) (3)

The corresponding RNN model is shown in Figure 1.
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2.2. Long Short-Term Memory

For the RNN model, gradient disappearance and gradient explosion restrict its perfor-
mance [33]. These two cases are essentially the same, both of which are problems of the
continuous multiplication term in extreme cases. Therefore, to alleviate or even eliminate
this influence, long short-term memory (LSTM), is one of the variants of RNN. It solved
the gradient problems by introducing a gate mechanism to control the flow and loss of
features [34]. LSTM is the combination of the RNN structure and the gate structure. It stores
information through its unique memory vector, thus eliminating the adverse effects such
as gradient explosion existing in RNN. The computation at each time step is depicted by
Graves et al. [33] as follows.

gu= σ(Wuht − 1 + Iuxt) (4)
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gf= σ
(

Wf ht − 1 + If xt

)
(5)

go= σ(Woht − 1 + Ioxt) (6)

gc = tanh(Wcht − 1 + Icxt) (7)

mt= gf � mt − 1 + gu � gc (8)

ht= tanh(go � mt) (9)

where g represents the activation vectors of different gates at different times, ht is the LSTM
units hidden state vector, the logistic sigmoid function is defined by σ, and the element-wise
multiplication is represented by �. The recurrent weight matrices are represented by the
notation Wu, Wf, Wo, and Wc, whereas the projection matrices are represented by Iu, If,
Io, and Ic. The advantages of LSTM are apparent. LSTM has the advantage of excellent
sequence modeling ability and solves the problem of RNN gradient through long-term
memory function. At the same time, the disadvantage is the lack of parallel processing
and time-consuming calculation. Bahdanau et al. [35] proposed an attention mechanism
to learn these long-term dependencies. Figure 2 showed how the specific LSTM units are
implemented. ft represents the forgetting gate, it is the input gate, and ct represents the cell
status update value.
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2.3. Evolutionary Optimization

Particle swarm optimization (PSO), a metaheuristic, stochastic population-based evo-
lutionary optimization algorithm. was chosen for this investigation. Each optimization
problem solution is imagined as a bird, called a particle. Each particle in the swarm survives
with a velocity and position in solution search space. All particles are searched for the
optimal solution in a D-dimensional search space through a swarm by adjusting their speed
and direction through the fitness function and sharing their own experience. Formulas of
updating movement of an ith particle in (k + 1)th iteration are given below [36]:

vk+1
ij = vk

ij+c1

(
xpb

ij −xk
ij

)
+c2

(
xgb

ij −xk
ij

)
(10)

xk+1
ij = xk

ij+vk+1
ij (11)
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In each iteration, the particle searches for two extremes to update itself. The first
extreme value (pbest) is the cognitive behavior determined by the particle’s own best ex-
perience traveled so far. The second extreme value (gbest) decides social behavior. gbest is
the optimal solution for the whole population. The social coefficient (c1) and cognitive
coefficient (c2) are parameters to control the behavior of particles and maintain the balance
between their exploration and exploitation properties. When they are vector superimposed,
the particle’s velocity tends towards global and individual optimizations [37].

2.4. The Proposed Model: LSTM-FCN

This section describes the basic foundation of the hybrid approach, flowchart, algo-
rithms, and detailed architecture of the proposed LSTM-FCN. Figure 3 shows the hybrid
model used in this paper, consisting of an FCN block and an LSTM block. The hybrid
model is based on the LSTM-FCN network structure proposed by Karim et al. [25].
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Figure 3. The LSTM-FCN Framework.

The fully convolutional block contains three temporal convolutional blocks. These time
convolution blocks can extract features from the input data and dig for relationships be-
tween the data. It was copied from the original fully convolutional block by
Wang et al. [38]. For the whole FCN block, it contains a fully convolutional network,
which can adapt to the input of any size. There is also an upsampling deconvolutional layer
to reduce the dimensions for further calculation. For the LSTM block, the existence of the
gate structure makes its most significant characteristic, memory, perfectly reflected. Table 1
illustrates how the proposed model is built and run on the Python platform. For multivari-
ate classification, LSTM-FCN shows outstanding performance in end-to-end processing
time series classification [25].

Table 1. The Structure of LSTM-FCN Layer.

Layer (Type) Output Shape Parameters Connected to

input_1 (InputLayer) (None, 1, 5) 0

permute (Permute) (None, 5, 1) 0 input_1[0][0]

conv1D (Conv1D) (None, 5, 128) 1152 permute [0][0]

batch_normalization (BatchNor) (None, 5, 128) 512 conv1D [0][0]

activation (Activation) (None, 5, 128) 0 batch_normalization [0][0]

conv1D_1 (Conv1D) (None, 5, 256) 164,096 activation [0][0]

batch_normalization_1 (BatchNor) (None, 5, 256) 1024 conv1D_1[0][0]

activation_1 (Activation) (None, 5, 256) 0 batch_normalization_1[0][0]

conv1D_2 (Conv1D) (None, 5, 128) 98,432 activation_1[0][0]

batch_normalization_2 (BatchNor) (None, 5, 128) 512 conv1D_2[0][0]

lstm (LSTM) (None, 8) 448 batch_normalization_2[0][0]
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Table 1. Cont.

Layer (Type) Output Shape Parameters Connected to

activation_2 (Activation) (None, 5, 128) 0 input_1[0][0]

dropout (Dropout) (None, 8) 0 lstm [0][0]

global_average_pooling1d (GlobalPooling) (None, 128) 0 activation_2[0][0]

concatenate (Concatenate) (None, 136) 0 dropout [0][0]
global_average_pooling1d [0][0]

dense (Dense) (None, 9) 1233 concatenate [0][0]

The combination of LSTM and FCN leads to a complicated model, demanding exten-
sive trial and error when setting hyperparameters. So PSO-based LSTM-FCN is used in
this investigation.

The proposed PSO-based LSTM-FCN method automatically extracts important fea-
tures of lithology information by connecting LSTM and FCN to minimize the loss of
information by modeling sequential information. Figure 4 shows the structure of the pro-
posed PSO-based LSTM-FCN neural network. The proposed method minimizes the loss in
parsing so that the pattern information and the order information are not lost. The FCN
layer automatically extracts the pattern information. The order of features is learned
once again in the LSTM layer. PSO algorithm is adopted to tune the hyperparameters
automatically, and the corresponding settings are chosen to encode as particles.

The proposed technique consists of three major components, as presented in Figure 4.

(1) prepare, analyze, and preprocess the data,
(2) set the LSTM-FCN model, input the processed parameter data,
(3) optimize the LSTM-FCN model using the PSO algorithm and output prediction results.Energies 2023, 16, x FOR PEER REVIEW 7 of 21 
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2.5. Model Evaluation Metrics

For the F1-score, precision, Recall, and Jaccard index can be computed efficiently using
the confusion matrix. Take a classification problem where the sample has positive, negative,
true, and false categories. Four combinations of the predicted results and accurate labels,
including true positive (TP), false positive (FP), false negative (FN), and true negative (TN),
are chosen to evaluate the model.

Precision is a measure of accuracy, which represents the proportion of positive exam-
ples that are true positive examples. It is expressed as,

Precision = TP÷ (TP + FP) (12)

Recall represents the proportion of the true positive examples in all examples. It is
desirable to have high values for both precision and recall, but often when an algorithm is
tuned to increase one, the other decreases:

Recall = TP÷ (TP + FN) (13)

F1-score combines the above two metrics and gives the performance index of the
classifier [39].

F1 =
2∗Precision ∗ Recall
Precision + Recall

(14)

Jaccard index, also called Jaccard similarity coefficient, is defined as the size of the
intersection of real (y) and predicted values (yp) divided by the size of the union of those
two labels [40].

Jaccard =
y ∗ yp

||y||2 × ||yp||2
(15)

3. Results

In the study, 3232 data samples from Hugoton Field were used. The Hugoton Field is
located in Kansas, Texas, and Oklahoma. The entire field covers about 8500 square miles,
it is one of the largest oil and gas fields in the United States. The specific location of the
oilfield is shown in the figure below (Figure 5). The main oil pay zones represent thirteen
shoaling-upward, fourth-order marine-continental cycles, and have remarkable lateral
continuity [41]. The specific log data used is from Shrimplin Well in Hugoton Field and can
be downloaded from the field’s official public data.
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The Python third-party package TensorFlow was used as the platform to build the
lithology classifier. All experiments were conducted on Intel (R) Xeon (R), Silver 4216 CPU
@ 2.10 GHz with 10 GB of RAM.

3.1. Data Preparation

In the dataset, a total of nine lithologies were shown, including sandstone (SS), cal-
careous siltstone (CSiS), ferruginous siltstone (FSiS), marine_silt_shale (SiSh), mudstone
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(MS), wackestone (WS), dolomite (D), packstone (PS), bafflestone (BS). More specifically,
up to 844 sets of data were distributed in CSiS, 602 sets of data were distributed in FSiS,
and the lowest is D, only 88 sets of data are spread (Figure 6).
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3.2. Correlation Analysis

For the study data, phases of each half-foot core sample were studied and matched
with well-logging data at the proper location. The characteristic variables included five
wireline logging measurements. The five variables are:

GR: determination of natural radioactivity intensity under different lithology.
ILD_log10: the resistivity of rock is measured by electrodes arranged in deep strata.
DeltaPHI: comprehensive logging technology consisting of acoustic transit time log-

ging, neutron logging, and density logging. There are different responses in different
lithological formations.

PHIND: using neutron ray to detect the physical properties of rock strata around
drilling wells.

PE: the parameter proportional to the electron photoelectric absorption cross section
r/Z can better reflect the lithology.

Figure 7 lists the facies, corresponding abbreviated labels, and logging curves of
characteristic parameters. Among them, the lithology is arranged in depth order from top
to bottom, and different lithology is distinguished by different colors. All logging data can
be extracted by classifiers to better classify the lithology. After data preprocessing, such as
data normalization and data dimension reduction, the logging data will be input into the
classifier for calculation. At the same time, the data will be applied equally to each classifier
used in the experiment.
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The following figure shows the correlation analysis between the five parameters
(Figure 8). The heat map shows the correlation of each two parameters. PHIND and PE
have the best negative correlation, with a correlation coefficient of 0.57. They are followed
by the pair of ILD_log10 and PE, which has a coefficient of 0.38. Although the correlation
does not look very good, the discrete data is more closely related to the actual environment
produced in unconventional reservoirs in complex environments.



Energies 2023, 16, 2135 10 of 18Energies 2023, 16, x FOR PEER REVIEW 11 of 21 
 

 

Figure 8. Pearson Correlation Diagram (heatmap). 

3.3. Data Normalization 

This chapter starts with the data examination (Table 2). In this part, the basic features 

of the data set are analyzed and described. This step laid a foundation for the next step of 

data preprocessing.  

Table 2. The Data Information. 

 Facies GR ILD_log10 DeltaPHI PHIND PE Depth 

count 3232 3232 3232 3232 3232 3232 3232 

mean 4.52 66.14 0.64 3.56 13.48 3.73 3615.75 

std 2.55 30.85 0.24 5.23 7.70 0.90 466.57 

min 1.00 13.25 −0.03 −21.83 0.55 0.20 2808.00 

25% 2.00 46.92 0.49 1.16 8.35 3.10 3211.88 

50% 3.00 65.72 0.62 3.50 12.15 3.55 3615.75 

75% 7.00 79.63 0.81 6.43 16.45 4.30 4019.63 

max 9.00 361.15 1.48 18.60 84.40 8.09 4423.50 

Next, the experiment conditioned the data and remove incomplete parts. Then the 

study scaled data to zero mean and unit variance to make a more efficient model perfor-

mance. Finally, the experiment divided the processed dataset randomly into training and 

test data. Through the above steps to data preprocessing, the model can be better fitted 

and trained. 

3.4. Classifiers Comparison  

In this part, training 7 machine learning classification models under the same condi-

tions, and compare them with the proposed model to verify the superiority of the model. 

The study will put these log data into trained, supervised classifiers to predict lithology. 

All classifier algorithms are implemented based on scikit-learn libraries. The classifiers 

are: 

  

Figure 8. Pearson Correlation Diagram (heatmap).

3.3. Data Normalization

This chapter starts with the data examination (Table 2). In this part, the basic features
of the data set are analyzed and described. This step laid a foundation for the next step of
data preprocessing.

Table 2. The Data Information.

Facies GR ILD_log10 DeltaPHI PHIND PE Depth

count 3232 3232 3232 3232 3232 3232 3232
mean 4.52 66.14 0.64 3.56 13.48 3.73 3615.75

std 2.55 30.85 0.24 5.23 7.70 0.90 466.57
min 1.00 13.25 −0.03 −21.83 0.55 0.20 2808.00
25% 2.00 46.92 0.49 1.16 8.35 3.10 3211.88
50% 3.00 65.72 0.62 3.50 12.15 3.55 3615.75
75% 7.00 79.63 0.81 6.43 16.45 4.30 4019.63
max 9.00 361.15 1.48 18.60 84.40 8.09 4423.50

Next, the experiment conditioned the data and remove incomplete parts. Then the study
scaled data to zero mean and unit variance to make a more efficient model performance.
Finally, the experiment divided the processed dataset randomly into training and test data.
Through the above steps to data preprocessing, the model can be better fitted and trained.

3.4. Classifiers Comparison

In this part, training 7 machine learning classification models under the same condi-
tions, and compare them with the proposed model to verify the superiority of the model.
The study will put these log data into trained, supervised classifiers to predict lithology.
All classifier algorithms are implemented based on scikit-learn libraries. The classifiers are:

(1) Logistic regression (LR)
(2) Gaussian process classifier (GPC)
(3) Support vector machines (SVM)
(4) Multi-layer Perceptron classifier (MLP)
(5) Convolutional Neural Networks Classifier (CNN)
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(6) Long Short-term Memory (LSTM)
(7) LSTM-CNN

Two evaluation indexes (F1-score and Jaccard index) were used to provide an essential
reference for each model.

The evaluation score shows that the LSTM-FCN model scores better than the rest.
It can be seen from the scores of the classifier that the LSTM-FCN model got 0.575 points
with the Jaccard index and 0.725 points for the F1-score. Both were the highest scores.
The following histogram (Figure 9) is more intuitive to show that for the predictive ability,
the LSTM-FCN model is the best classifier in the study.
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3.5. The PSO-LSTM-FCN Model

In the experiment, due to the lack of correlation between the original well log data,
only using the LSTM-FCN model is not satisfactory. The experiment solved this problem
by using the PSO algorithm in the model.

Before the optimizer is run, the parameters to be optimized are first screened. Based on
the parameter’s physical meaning and the model’s requirements, the experiment se-
lected four main parameters from 24 parameters for sensitivity analysis, including re-
current_dropout, num_cells, batch_size, and dropout.

The results of sensitivity analysis for selected parameters are shown in the following
figure (Figure 10). From the histogram, the change of recurrent_dropout and drop out has
almost no effect on the accuracy of the model. Similarly, when num_cells is greater than 8,
its influence on accuracy is negligible. Therefore, in the subsequent PSO optimization,
batch_size in the LSTM parameters is first selected for optimization.
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Figure 10. Sensitivity Analysis of LSTM Parameters.

Similarly, for the fully convolutional layer, of all the parameters, kernel_size, batch_size,
drop out, and strides are selected. Sensitivity analysis for these parameters is shown in
the figure (Figure 11). The change of strides and dropout almost does not affect the evo-
lution of accuracy. The remaining two parameters change the accuracy to some extent.
Therefore, for the fully convolutional layer, kernel_size and batch_size were initially se-
lected for PSO optimization.
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Then the different combinations are input into the model with varying numbers of
layers (1, 2, 3, 4, 5) to calculate the accuracy, and the accuracy of the same layers is averaged.
The result shows that the average accuracy of the three-layer FCN has the best performance
(Figure 12).
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According to the results of sensitivity analysis and LSTM-FCN layer optimization
investigation [27], the layer number of the model and the selection range of the feature
parameters are determined. Based on this, the experiment mixed the three-layer FCN
model with the LSTM model and conducted PSO optimization on the following seven
parameters. The following table (Table 3) shows each parameter’s physical meanings and
recommended ranges. In particular, although PSO is looking for the optimal solution
randomly, it cannot select the parameter range randomly. Otherwise, the accuracy will fall
into the dilemma of local optimization and getting the desired result. In the actual study
process, it is found that the optimization range of the selected parameters is shown in the
table below, which is set to avoid the significant decrease in accuracy caused by overfitting.

Table 3. Parameters Used in PSO Optimization.

Parameter Physical Significance Range

The batch size of the first layer
of FCN

The number of samples taken for one training
in the first convolutional layer of FCN 64–256

The batch size of the second
layer of FCN

The number of samples taken for one training
in the second convolutional layer of FCN 64–256

The batch size of the third
layer of FCN

The number of samples taken for one training
in the third convolutional layer of FCN 64–256

The kernel size of the first
layer of FCN

The number of steps in the first convolutional
layer of FCN 1–10

The kernel size of the second
layer of FCN

The number of steps in the second
convolutional layer of FCN 1–10

The kernel size of the third
layer of FCN

The number of steps in the third convolutional
layer of FCN 1–10

The batch size of LSTM The number of samples taken for one training
of LSTM 32–128

Optimizing the parameters in the PSO process is shown in Figure 13. By selecting
the first two layers of the FCN for demonstration, the abscissa and ordinate are the values
of the two layers of the FCN, respectively. In a total of 50 iterations, Figure 13 records
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the position of the parameters after every ten iterations. It shows how the parameters are
optimized to the best position.
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(e) The second layer kernel size of FCN. (f) The third layer kernel size of FCN. (g) The batch size of LSTM.

Table 4 shows the confusion matrix, which is a standard format for precision evaluation,
of the PSO-LSTM-FCN network model for the classification results of test sets. In the matrix,
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the columns represent the predicted categories, the rows represent the true attribution
categories of the data, and the specific numbers in the table represent the rate of real data
accurately predicted to be of these categories. As can be seen from the Table 4, lithologic
CSiS, SiSh, PS, and BS achieved good identification effects. The F1-score values and
the recall values of lithologic SiSh, D, and MS are lower than those of other lithologies.
The reason for this phenomenon may be due to the small number of training samples
affecting the accuracy of the model training.

Table 4. The Confusion Matrix of the PSO-LSTM-FCN Model.

Pred True SS CSiS FSiS SiSh MS WS D PS BS Total

SS 22 3 1 26
CSiS 8 107 48 1 1 2 167
FSiS 8 109 1 3 1 122
SiSh 4 3 20 7 1 35
MS 1 3 1 5 11 3 24
WS 1 3 67 1 16 1 89
D 1 14 2 17
PS 1 3 3 1 1 9 3 111 7 139
BS 2 1 2 23 28

Precision 0.81 0.94 0.76 0.87 0.72 0.77 0.80 0.91 0.84 0.85
Recall 0.95 0.74 0.99 0.67 0.61 0.85 0.82 0.90 0.92 0.84

F1-score 0.87 0.83 0.86 0.76 0.71 0.86 0.80 0.90 0.88 0.83

In this part, after the PSO optimization process, the model precision accuracy rate
reached 0.85. It has increased by 12.5% compared with that before PSO optimization.

4. Discussion

In terms of processing discrete data, the PSO-LSTM-FCN model proposed in this
paper achieves a better effect than previous classifiers. However, the proposed model also
has limitations. On the one hand, the lack of interpretability of the model has an impact
on the detection of model bias and model reliability; On the other hand, compared with
existing mature applications, the accuracy of the model needs to be improved.

The interpretability of the model can be explained by fitting the model to an inter-
pretable algorithm. This method can fully explain the operation of the model from the
whole or the part. Using this method can not only improve the reliability of the model, but
also make the model more friendly to non-specialists [42].

For accuracy improvement, there is one way to solve this from an optimization per-
spective. By combing the design process, it is found that the selection of FCN layers in the
process of PSO optimization is not particularly rigorous. Just by adding a control variable
to the method of this experiment data, it is too simple to determine the number of layers,
and it is not universal. So after investigating the optimization techniques, the model’s
accuracy will be more accurate by optimizing the number of layers through multi-layer
PSO [43]. Multi-layer PSO is a new PSO technology. Through the superposition of two
layers of PSO, one layer optimizes the classifier’s parameters, and the other layer optimizes
the number of layers of the classifier, to dynamically select the optimal number of layers.
In this way, the proposed model can achieve higher accuracy.

5. Conclusions

In this paper, a new method of lithology prediction based on the PSO-LSTM-FCN
model is innovatively proposed.

1. The paper investigated the application status of lithology identification and discovered the
shortcoming of existing technology. On this basis, the paper proposed the PSO-LSTM-FCN
model for lithology identification which is suitable for nonlinear discrete data.

2. The experiment compared the LSTM-FCN model with seven classifiers. The F1-score and
the Jaccard index showed that the proposed new model achieves 0.575 and 0.725 scores,
surpassing all previous classifiers. Therefore, the LSTM-FCN model is selected for
optimization and used to identify lithology.
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3. The experiment selected the parameters to be optimized through sensitivity analysis.
In the LSTM layer, the analysis showed that batch_size had a greater influence on
the accuracy. And in the FCN layer, the kernel_size and batch_size are to be selected.
Then, through the PSO optimization, the accuracy of the model reaches 85%, greatly
improving the accuracy of the machine learning model in lithology identification.
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