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Abstract: During the drilling process, reservoir fractures may lead to drilling-fluid loss, thereby slowing 
drilling progress and reducing well productivity. Therefore, it is necessary to choose the appropriate materials 
and formulations for plugging, and the leakage amount and rate are the most important indicators for selecting 
plugging agents. In this study, the amount of rigid mineral particles and plant fibers commonly used in drilling, 
as well as the width of formation fractures, were used as input variables, while leakage volume served as the 
output variable. By combining the multiple-population genetic algorithms (MPGA) and the backpropagation 
neural network (BPNN), an MPGA–BPNN prediction model was established to predict the leakage amount under 
different plugging formulations. The results showed that the correlation coefficient of the established prediction 
model reached 0.9741, indicating strong predictive accuracy for leakage volume and plugging performance under 
varying formulation conditions, providing useful reference and guidance for the optimization of plugging agents.

Keywords: Drilling fluid; Lost circulation control and plugging; Leakage amount; Neural networks; Multi-
population genetic algorithm

1. Introduction

The huge loss of drilling fluid caused by the invasion 
into a formation is a common problem in drilling 
operations and occurs frequently during the drilling 
process. It not only prolongs drilling time but may also 
trigger complex downhole situations such as wellbore 
collapse, blowouts, and drill string sticking, resulting 
in severe economic losses.1,2 Therefore, it is necessary 
to effectively prevent and control drilling-fluid loss 

to ensure the smooth progress of drilling operations. 
At present, the commonly used method is to add the 
relevant lost circulation control and plugging materials 
to the drilling fluid to suppress fluid loss. For example, 
lost circulation bridging materials include granular, 
fibrous, and flaky inert particles; lost circulation 
polymer cross-linking materials include acrylamide 
monomer polymers and similar substances; and rigid 
materials include calcite particles characterized by 
high strength and strong acid solubility. In addition, 
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many experts and scholars have conducted research on 
the development and optimization of lost circulation 
control and plugging agents. Ma et al.3 proposed a 
dynamic fracture plugging experimental device and 
developed design criteria for lost circulation materials 
for induced fractures. Nazemi et al.4 evaluated a novel 
smart fluid with high design flexibility in terms of 
shear rate, temperature, and shear history. Liu et al.5 
proposed a percolation fracture network that considers 
fracture connectivity evolution. Zeng et al.6 addressed 
fracture-related fluid loss and reservoir protection in 
a South China Sea field by optimizing particle size 
grading criteria and the waterproofing agent, and by 
constructing a lost circulation control and plugging 
system for drilling fluids. At present, the selection of 
lost circulation control and plugging agents in drilling 
fluid mostly involves measuring the leakage amount of 
different components through orthogonal experiments 
to optimize the best formulations. This process usually 
requires a large number of laboratory experiments and 
consumes significant time and materials. Therefore, 
there is an urgent need for a low-cost and efficient 
method to optimize drilling fluid plugging agents.

With the development of computing technology, 
artificial intelligence technology has been widely 
applied in the petroleum industry, including petroleum 
exploration,7-9  mining,10,11 and transportation,12-14 as 
shown in Table 1. Among these applications, artificial 
intelligence technology has also been used in the field 
of drilling fluids. Zhou et al.15 used artificial intelligence 
to comprehensively assess wellbore stability and reduce 
the risk of lost circulation. Wu et  al.16 proposed a 
data-driven machine learning method to identify lost 
circulation risk. These studies have demonstrated that 

artificial intelligence technology can be effectively 
applied to lost circulation control and plugging, 
achieving good results. Among machine learning 
prediction methods, the backpropagation neural 
network (BPNN) has strong self-learning, self-adaptive, 
generalization, non-linear processing, and fault-tolerant 
capabilities. It demonstrates excellent predictive 
performance for regression problems and is thus 
widely applied in various fields. Meanwhile, genetic 
algorithms, especially the multiple population genetic 
algorithm (MPGA), possess a strong global search 
ability. They can solve the problems of local optima and 
overfitting that occur during BPNN training,17 thereby 
improving prediction accuracy by finding the global 
optimal solution. Amish and Khodja18 summarized 
several machine learning models for predicting fluid 
loss and discussed other possible applications. Arbi 
and Tamás19 studied the potential of machine learning 
and deep learning algorithms for predicting the non-
linear behavior of the rate of penetration using data-
driven methods. Ismail et al.20 applied various machine 
learning techniques to evaluate the gel strength and 
viscosity of drilling mud. Although relevant artificial 
intelligence models have been applied in the field of 
oil drilling, research specifically dedicated to drilling-
fluid loss prediction remains limited. In this study, 
the MPGA is combined with the BPNN to develop an 
MPGA–BPNN drilling-fluid loss prediction model. 
This model can predict the leakage amount for different 
lost circulation control and plugging schemes, thereby 
providing valuable reference and guidance for the 
selection of plugging agents in drilling operations.

2. MPGA–BPNN prediction model

2.1. BPNN
The mechanism of drilling fluid leakage involves the 
strong coupling of geological conditions, drilling 
parameters, fluid properties, and other factors, making 
it a highly non-linear and multivariable problem. As a 
powerful nonlinear mapping tool, BPNN can learn this 
complex relationship from historical data. Therefore, 
this study employs BPNN as the basic prediction model. 
As a multilayer feedforward network based on error 
backpropagation, the BPNN has been widely applied in 
numerous fields. Its network structure encompasses an 
input layer, a hidden layer, and an output layer.31 After 
the input data enter the input layer, they are processed 
in the hidden layer, and the final result is generated 
by the output layer. The number of hidden layers in 

Table 1. Application of artificial intelligence in the 
petroleum industry
Field Model name
Geophysics and 
exploration

Porosity prediction;7 reservoir quality 
prediction;8 and reservoir hydrocarbon 
channel prediction21

Drilling 
engineering

Drilling trajectory prediction;22 
wellbore temperature prediction;23 and 
water production rate prediction24

Oil production 
engineering

Production prediction;25 recovery factor 
prediction;26 and reservoir saturation 
prediction27

Production, 
gathering, and 
transportation

Pipeline defect prediction;28 flow 
pattern recognition;29 and early warning 
systems30
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the model has a certain impact on its performance. 
Research indicates that, theoretically, a greater number 
of hidden layers can improve accuracy;32 however, it 
also increases training time and the risk of overfitting. 
If only one hidden layer is used, increasing the number 
of nodes in that layer can greatly simplify the BPNN 
structure and improve the convergence efficiency.33-35 
Therefore, in this study, only one hidden layer was 
adopted, and the model’s performance was improved 
by adjusting the number of nodes in that layer, as shown 
in Figure 1.

Selecting the appropriate input parameters is a 
prerequisite for ensuring the accuracy of prediction 
results. The amount of slurry loss is related not only to 
the lost circulation control agents but also to the fracture 
width. In this regard, referring to the relevant literature,36 
this study collected and selected rigid mineral particle 
plugging agents for drilling (divided into GZD-A, 
GZD-B, GZD-C, and GZD-D, in descending order 
of particle size), composite plant fiber lost circulation 
control agents for drilling (divided into GDJ-I, GDJ-II, 
GDJ-III, and GDJ-IV, also in descending order of 
particle size), and the width of the open end (Do) and the 
terminal width (De) of the simulated fracture as input 
parameters.

2.2. Genetic optimization algorithm
The loss mechanism of drilling fluid is highly 
complex and influenced by the nonlinear coupling of 
various factors. Although BPNN can fit this complex 
relationship, its learning method based on gradient 

descent is prone to being trapped in local optima when 
applied to limited field data. This can lead to unstable 
prediction performance and insufficient generalization 
ability of the model. To overcome this inherent limitation, 
this study introduces a genetic algorithm to optimize the 
BPNN.37 As an optimization algorithm that simulates 
the biological evolution process,38 the genetic algorithm 
adopts a global optimization strategy and can effectively 
optimize parameters like the weights in the neural 
network to find the global optimal solution. The GA used 
to optimize the BPNN adopts the concept of “survival of 
the fittest” in genetic evolution and achieves the global 
optimum through a competitive mechanism. The basic 
procedure involves using individuals to represent the 
initial weights and thresholds of the network. The norm 
of the test error of the BPNN for the prediction samples 
is taken as the output of the objective function, and 
the fitness value of each individual is then calculated. 
Through the operations of selection, crossover, and 
mutation, the algorithm continuously searches for the 
optimal individual—that is, the optimal initial weights 
and thresholds of the BPNN—and incorporates them 
into the BPNN model to achieve the optimal state.39,40 
The specific process is shown in Figure 2.

2.3. MPGA
Although the GA can enhance the prediction accuracy of 
the BPNN, it still suffers from the drawback of premature 
convergence. Specifically, in the presence of exceptional 
individuals within the population (i.e., individuals 
whose fitness is substantially higher than that of others), 
such individuals tend to be repeatedly selected during 
the selection process. Consequently, the new population 
becomes dominated by these individuals, reducing 
population diversity. To prevent this phenomenon, 
this study employed the MPGA to further improve the 
prediction performance of the model. The MPGA is 
an extended form of evolutionary computation, and its 
structure is shown in Figure 3.41 This algorithm builds 
on the traditional genetic algorithm by introducing the 
concepts of population partitioning and co-evolution. In 
this approach, the weights and thresholds of the BPNN 
are treated as optimization variables, which are encoded 
as a series of numbers, represented as chromosomes. 
Crossover and mutation operations are then carried 
out using the genetic algorithm to continuously search 
for the optimal individuals. The entire search space is 
divided into multiple subgroups, and each subgroup 
independently performs genetic operations, including 
selection, crossover, and mutation, thereby realizing 
parallel exploration in different regions of the global 

Figure 1. Neural network structure, where x1, x2,…
xn are the input parameters of the model, and y is 
the corresponding output parameter. ωij represents 
the weight between the i-th input layer and the j-th 
hidden layer, and βj1 represents the weight between 
the j-th hidden layer and the output layer
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search space. Finally, the optimal chromosomes are 
decoded into corresponding weights and thresholds and 
introduced into the BPNN model to reach the optimal 
state. This method promotes the exchange of high-
quality genes while maintaining population diversity, 
preventing the algorithm from prematurely converging 
to the local optimum, and enhancing the global search 
capability of the algorithm. The corresponding specific 
parameters are listed in Table 2.

3. Selection of data analysis and evaluation 
methods

A total of 60 data samples (Table  3) were collected 
under different combinations of plugging agents and lost 

circulation control agents, and the data characteristics 
are summarized in Table  4. To further investigate 
the impact of these factors on drilling-fluid loss, a 
correlation analysis was conducted, and the results 
are presented in Figure 4. As shown in the figure, Do, 
De, and GZD-A exhibit relatively strong correlations 
with the amount of drilling-fluid loss. Among them, Do 
shows the strongest correlation, whereas other factors 
demonstrate weaker correlations with fracture width. 
From high to low correlation, the order is GDJ-IV, 
GZD-B, GZD-C, GDJ-II, GDJ-III, GDJ-I, and GZD-D. 
Overall, each parameter exerts a certain influence on 
drilling-fluid loss. Excluding any parameter may ignore 
its potential or synergistic effects, resulting in biased 
model results. Therefore, all parameters were retained 
as input variables in this study.

In this study, the data were divided into training and 
testing datasets. Among them, 55  samples were used 
for training and 5 for testing. Given the limited amount 
of data, the cross-validation approach was employed to 
construct the prediction model. The 55 training samples 

Figure  3. Multiple population genetic algorithm 
flowchart
Abbreviation: GA: Genetic algorithm.

Table 2. Specific parameters of the MPGA and 
BPNN algorithms
Parameter MPGA BPNN
Population size 10 −
Number of individuals 5 −
Number of genetic generations 20 −
Learning rate − 0.01
Number of training cycles − 8,000
Target error value − 0.001
Abbreviations: BPNN: Backpropagation neural network; 
MPGA: Multiple population genetic algorithm.

Figure 2. Process of using genetic algorithms (GA) to optimize the backpropagation neural network (BPNN). 
(A) Flowchart of GA–BPNN; and (B) example diagram of GA optimizing the weights and thresholds of BPNN.

ba
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Table 3. Experimental data
GZD‑ 
A/%

GZD‑ 
B/%

GZD‑ 
C/%

GZD‑ 
D/%

GDJ‑ 
I/%

GDJ‑ 
II/%

GDJ‑ 
III/%

GDJ‑ 
IV/%

Do/mm De/mm SL/mL

0 0 0.5 0.5 0 0 0.5 0.5 1 0.5 121
0 1 1 0.5 0 2 0 1 1.5 1 50
0 2 1 0.5 0 2 2 2 1.5 1.5 12
2 1 0.5 0.5 0 2 0 1 2 1.5 216
3 1.5 1 0.5 0.5 1 1 1 3 3 312
0 0 0.5 1 0 0 0.5 1 1 0.5 81.5
0 2 1 0.5 0 1.5 0 1 1.5 1 33
0 2 1 0.5 0 1.5 2 2 1.5 1.5 28
2 1 0.5 1 0 1.5 0 1 2 1.5 237
3 2 1 0.5 1 0.5 1 1 3 3 74.5
0 0 0.5 0.5 0 0 0 1 1 0.5 49.5
0 2 1 1 0 1.5 0 1 1.5 1 67
0 2 1 0.5 0 1 2 2 1.5 1.5 19
2 0 1 0.5 0 1.5 0 1 2 1.5 174
3 2 1 0.5 1 1 0.5 1 3 3 104.5
0 0 1 0.5 0 0 0 1 1 0.5 36
0 2 1 1 0 1.5 0 1 1.5 1 61
0 2 1 0.5 0 1 2 2 1.5 1.5 26
3 0 1 0.5 0 1.5 0 1 2 1.5 58
3 2 1 0.5 1 1 1 0.5 3 3 128
0 0 0.5 0.5 0 0 0 1 1 0.5 70
0 2 1.5 1 0 1.5 0 1 1.5 1 68.5
0 2 1 0.5 0 1 1 2 1.5 1.5 47
1 0 1 0.5 0 1.5 0 1 2 1.5 312.5
3 2 1 0.5 1 1 0.5 0.5 3 3 126
0 0 0.5 1 0 0 0 1.5 1 0.5 79
0 2 1.5 1 0 1.5 0 1 1.5 1 139
0 2 1 0.5 0 1.5 1 2 1.5 1.5 20
3 0 1 0.5 0 1.5 0 1 2 1.5 18
4 2 1 0.5 1 1 0.5 0.5 3 3 144
0 0 0.5 0.5 0 0 0.5 0.5 1 0.5 121
0 2 1 0.5 0 1.5 0 1 1.5 1 33
0 2 1 0.5 9 1.5 2 2 1.5 1.5 28
2 0 1 0.5 0 2 2 2 2 1.5 174
4 2 1 0.5 1 1 0.5 0.5 3 3 126
0 0 0.5 0.5 0 0 0 1 1 0.5 70
0 2 1 1 0 1 0 1 1.5 1 61
0 2 1 0.5 0 1 2 2 1.5 1.5 47
3 0 1 0.5 0 2 1 1 2 1.5 58
5 3 2 1 1 1 0.5 0.5 3 3 47.5

(Cont’d...)
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were partitioned, and the established model was trained 
and evaluated accordingly to improve the model’s 
adaptability. To prevent differences in magnitude among 
parameters from affecting the results, and to enhance 
comparability, convergence speed, and model accuracy, 
the data were normalized. The numerical ranges of 
all parameters were scaled to the same interval42,43 to 
avoid adverse effects caused by parameter magnitude 
differences. The specific normalization formula is as 
follows:

x x x
x xi
i

'
min

max min

�
�
�

� (1)

Where xi represents the input data, x i'  represents the 
normalized data, and xmin and xmax are the minimum and 
maximum values of the corresponding data, respectively.

To evaluate and compare the prediction performance 
of the models, the root mean square error, correlation 
coefficient (R2), mean absolute error, and mean absolute 
percentage error were selected as performance metrics. 
The calculation formulas44,45 are as follows:
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Table 3. (Continued)
GZD‑ 
A/%

GZD‑ 
B/%

GZD‑ 
C/%

GZD‑ 
D/%

GDJ‑ 
I/%

GDJ‑ 
II/%

GDJ‑ 
III/%

GDJ‑ 
IV/%

Do/mm De/mm SL/mL

0 0.5 0.5 0.5 0 0 0.5 1 1 0.5 93
0 2 1 0.5 0 1 0 0.5 1.5 1 12.5
0 2 1 0.5 0 2.5 0 1.5 1.5 1.5 73
3 0 1 0.5 0 1 0 0.5 2 1.5 5
4 2 1 0.5 1 1 0.5 0.5 3 3 144
0 0.5 0.5 1 0 0 1 0 1 0.5 91
0 2 1 0.5 0 1 0 0.5 1.5 1 25
0 2 1 0.5 0 1 1 2 1.5 1.5 15
3 0 0.5 0.5 0 1 0 0.5 2 1.5 32
5 3 1 0.5 2 2 0.5 0.5 3 3 59
0 0.5 1 0.5 0 0 1 0 1 0.5 87
0 2 1 1 0 1 0 0.5 1.5 1 36
0 2 1 0.5 0 2 0 1.5 1.5 1.5 14
3 0 1 0.5 0 1 0 0.5 2 1.5 27
5 3 1 0.5 2 1 2 1 3 3 79
0 0 0 1 0 0 1 0 1 0.5 135
0 2 1.5 1 0 1 0 0.5 1.5 1 69
0 2 1 0.5 0 3 0 1.5 1.5 1.5 8
3 0 0 1 0 1 0 0.5 2 1.5 16
5 3 2 1 2 2 1 1 3 3 47.5
Abbreviations: Do: Width of the open end; De: The terminal width; SL: Slurry loss.

Table 4. Dataset characteristics of parameters
Parameter GZD‑ 

A/%
GZD‑ 
B/%

GZD‑ 
C/%

GZD‑ 
D/%

GDJ‑ 
I/%

GDJ‑ 
II/%

GDJ‑ 
III/%

GDJ‑ 
IV/%

Do/mm De/mm SL/mL

Max 5 3 2 1 9 3 2 2 3 3 312.5
Min 0 0 0 0.5 0 0 0 0 1 0.5 5
Mean 1.2833 1.3000 0.9250 0.6250 0.3917 1.1000 0.5417 1.0083 1.8000 1.5000 79.0917
Median 0 2 1 0.5 0 1 0 1 1.5 1.5 61
Abbreviations: Do: Width of the open end; De: The terminal width; Max: Maximum; Min: Minimum; SL: Slurry loss.
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where yi '  is the predicted value, yi  is the 
corresponding actual value, and n is the number of 
samples.

4. Data structure selection and optimization

4.1. Model structure optimization
For the prediction model, the number of neurons in the 
hidden layer is a key parameter and has a significant 
impact on the model’s predictive ability. If the number 
of neurons is insufficient, the model may not be able 
to capture the complex relationships between the input 
and output data, resulting in poor generalization ability. 
Conversely, if the number of neurons is excessive, the 
model may overfit the training data, thereby affecting 
prediction accuracy and increasing the time required 
for model training. To address this issue, this study 
adopted the empirical formula shown in Equation 646,47 
to determine the number of nodes in the hidden layer of 
the model:

k q m a� � � � (6)

Where a is an integer between 1 and 10; q and m are 
the number of nodes in the output layer and the input 
layer, respectively; and k is the number of nodes in the 
hidden layer.

In this study, the number of nodes in the input and 
the output layers was 10 and 1, respectively. Therefore, 
the number of nodes in the hidden layer ranged from 
4 to 37. Models were established for each number of 
nodes within this range, and the prediction results are 
shown in Figure 5.

When the number of neurons in the hidden layer 
was five, the model achieved the minimum error and 
the highest correlation coefficient. Thus, the number of 
neurons in the hidden layer was determined to be five 
in this study.

4.2. Optimization effect analysis
To analyze the optimization effect of the MPGA, 
this study comparatively examined the prediction 
performance of the non-optimized BPNN, GA–BPNN, 
and MPGA–BPNN models. The results are shown in 
Figure 6 and Table 5.

As shown in Figure  6, there are relatively large 
differences among the data. The results indicate that 
larger leakage volumes generally occur in samples 
with wider fracture openings (>1.5 mm). At the same 
time, the particle size of the rigid mineral particles 
GZD used for drilling is relatively large, resulting in 
a higher leakage volume. In addition, Table  5 shows 
that the prediction performance of the model improved 
significantly after optimization by the genetic algorithm, 
with the correlation coefficient increasing to 0.9079, 
an improvement of 0.115. After optimization by the 
MPGA, the prediction effect was further enhanced, 
reaching 0.9741, an additional increase of 0.0662. The 
genetic algorithm significantly improved the prediction 
accuracy and overall model performance, while the 
MPGA further enhanced prediction performance on this 
basis.

5. Analysis of model results

5.1. Model prediction results
In this study, the dataset was used to train and validate 
the prediction model, and the obtained results are shown 
in Figure 7. As illustrated in the figure, during both the 
training and testing phases, the training and predicted 
values of the model were generally consistent with the 

Figure 4. Correlation coefficient matrix of influencing 
factors
Abbreviations: Do: Width of the open end; De: The 
terminal width; SL: Slurry loss
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actual observed values. Slight deviations were observed 
for a few data points, indicating that the optimized 
neural network model exhibits good generalization 
performance and adaptability.

5.2. Comparative analysis of different prediction 
models
To conduct a comparative analysis of the accuracy of the 
MPGA–BPNN prediction model, this study introduced 
three other prediction models: Random forest (RF), 
extreme learning machine (ELM), and polynomial 
fitting (PF). The same dataset was used to train these 
prediction models, and their prediction results were 
compared and analyzed. The prediction errors and 
correlation coefficients of each model are shown in 
Figure 8 and Table 6.

Under normal circumstances, if the correlation 
coefficient between the predicted values and the actual 
values of a model exceeds 0.8, it indicates that the 
model has a sufficiently high goodness of fit and the 

regression fitting effect is quite good. As shown in 
Figure 8 and Table 6, the prediction error of the ELM 
is relatively large. Although the RF and PF models had 
lower errors than the ELM, there was still a noticeable 
gap compared with the MPGA–BP model. It is believed, 
based on the analysis, that the ELM is prone to overfitting, 
leading to poor prediction performance, especially 
for small-sample datasets. In addition, its ability to 
handle nonlinear problems was limited, resulting in 
unsatisfactory prediction performance. Moreover, the 
RF was an ensemble algorithm composed of decision 
trees, and its performance was also suboptimal when 

Figure 6. Prediction results of different optimization 
algorithms
Abbreviations: BP: Backpropagation; GA: Genetic 
algorithm; MPGA: Multiple population genetic 
algorithm.

Table 5. Error and R2 values of different 
optimization algorithms
Index BP GA–BP MPGA–BP
R2 0.7929 0.9079 0.9741
RMSE 35.5205 25.708 12.1429
MAPE 47.1231 47.779 20.542
MAE 30.7267 22.0998 10.6277
Abbreviations: BP: Backpropagation; GA: Genetic algorithm; 
MAE: Mean absolute error; MAPE: Mean absolute percentage 
error; MPGA: Multiple population genetic algorithm; RMSE: Root 
mean square error; R2: Correlation coefficient.

Table 6. Analysis of the prediction results of 
different models
Index MPGA–BP RF ELM PF
R2 0.9741 0.7671 0.7062 0.9808
RMSE 12.1429 33.3303 39.2206 17.889
MAPE 20.542 51.4911 86.0494 24.4293
MAE 10.6277 29.3127 37.4922 15.1773
Abbreviations: BP: Backpropagation; ELM: Extreme learning 
machine; MAE: Mean absolute error; MAPE: Mean absolute 
percentage error; MPGA: Multiple population genetic algorithm; 
PF: Polynomial fitting; RMSE: Root mean square error; 
RF: Random forest; R2: Correlation coefficient.

Figure 5. Error and R2 of different hidden layer nodes. (A) RMSE and R2; (B) MAE and MAPE.
Abbreviations: MAE: Mean absolute error; MAPE: Mean absolute percentage error; RMSE: Root mean square 
error; R2: Correlation coefficient.
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Figure  8. Prediction results of different prediction 
models
Abbreviations: BP: Backpropagation; ELM: Extreme 
learning machine; MPGA: Multiple population genetic 
algorithm; PF: Polynomial fitting; RF: Random forest.

Figure 9. Relationship between slurry loss (SL) and 
relative error (Re)

dealing with datasets that have few features or small 
sample sizes. In contrast, the MPGA–BP model exhibited 
the smallest prediction error and produced results that 
are closer to the actual observed values, demonstrating 
high prediction accuracy. During model construction, 
the thresholds and weights of the BPNN were optimized 
using a genetic algorithm, which effectively improved 
the performance of the BPNN and further enhanced the 
accuracy and generalization capability of the prediction 
model.

5.3. Model adaptability analysis
Analyzing the predictive performance of a machine 
learning model under diverse conditions offers a 
deeper understanding of the model and helps assess its 
adaptability, thereby maximizing its value. Consequently, 

numerous researchers have analyzed the predictive 
performance of machine learning models under 
different parameters.48  In this study, the computed 
relative error (Re) of the model’s prediction outcomes 
was calculated, and the correlations between Re and 
multiple parameters were examined. The corresponding 
results are presented in Table 7.

As shown in Table  7, the parameters ranked by 
correlation strength with Re (from highest to lowest) 
are slurry loss, GZD-B, GDJ-III, GDJ-II, GDJ-I, 
GZD-A, GZD-C, GDJ-IV, De, Do, and GZD-D. 
Notably, GZD-A and GDJ-II exhibit positive 
correlations with Re, whereas the other factors 
display negative correlations. The factor showing 
the strongest correlation with Re is slurry loss. To 
conduct a more detailed analysis of the relationship 
between Re and slurry loss, this study plotted the 
correlation curve between these two variables, as 
illustrated in Figure 9.

Table 7. Relationship between different parameters and relative error
GZD‑A (%) GZD‑B (%) GZD‑C (%) GZD‑D (%) Do (mm) De (mm)
0.081 −0.17 −0.065 −0.005 −0.02 −0.042
GDJ‑I (%) GDJ‑II (%) GDJ‑III (%) GDJ‑IV (%) SL (mL)
−0.118 0.132 −0.164 −0.05 −0.327
Abbreviations: Do: Width of the open end; De: The terminal width; SL: Slurry loss.

Figure 7. Prediction results of the multiple population genetic algorithm–backpropagation 
prediction model. (A) Training results; (B) Prediction results.
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As shown in Figure  9, within the leakage range 
of 0–320  mL, Re generally exhibits a decreasing 
trend as the leakage increases. It can be concluded 
that the model developed in this study achieves high 
prediction accuracy for leakage cases but exhibits 
relatively lower prediction performance for small 
leakage cases.

6. Conclusion

In this study, relevant data were collected to analyze the 
factors influencing drilling fluid leakage, and a prediction 
model for drilling fluid leakage was established using 
a BPNN. The model structure was further optimized 
using the MPGA to achieve high predictive accuracy. 
The main conclusions are as follows:
(i)	 Using rigid mineral particle plugging agents, 

composite plant fibers, Do, and De as input 
parameters, and the leakage amount as the output 
parameter, a new drilling fluid leakage prediction 
model was developed based on the BPNN. The 
model provides useful guidance for optimizing lost 
circulation control and plugging agents.

(ii)	 The number of hidden layer nodes in the model was 
optimized, and the model was further enhanced using 
the MPGA. The final prediction model achieved an 
R2 of 0.9741, indicating high prediction accuracy 
and enabling reliable predictions of drilling fluid 
leakage under different formulations.

(iii)	Due to the limited dataset, this study examined only 
two material systems (GZD and GDJ). With further 
research and an increase in available data, additional 
materials can be incorporated to expand the model’s 
application range and improve its prediction 
accuracy.
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