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ABSTRACT 
At present, drilling ϐluid leakage in oil and gas drilling engineering in complex formations is a 
worldwide technical problem. The study explains the mechanism of dense pressure-bearing plugging 
at the bottom of the fracture, explores the inϐluencing factors of the pressure-bearing capacity of the 
leakage prevention and plugging working ϐluid, and establishes a mathematical model by using 
multivariate nonlinear regression analysis. Based on the machine learning technology, the support 
vector machine algorithm is selected as the prediction method of the particle size of the working 
ϐluid for leakage prevention and plugging, and the system model of the ultra-high-temperature dense 
pressurized leakage prevention and plugging working ϐluid is constructed. It is found that the 
established multivariate nonlinear regression analysis has good ϐit and accuracy, and the average 
relative error is only 2.9%, and the seam width (-0.694) and formation pressure (0.502) have the 
greatest inϐluence on the pressure-bearing capacity of the working ϐluid for leakage prevention and 
plugging. The prediction accuracy of the support vector machine model for the working ϐluid particle 
size was 95.36%, and the prediction F1 values on multiple datasets were all greater than 0.9, 
showing excellent prediction results. The constructed mathematical model can be used to guide the 
ϐield operation, which is conducive to the long-term stable plugging and scientiϐic leakage prevention 
of ϐissure-based leakage. 
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1. Introduction 

At present, drilling ϐluid leakage in oil and gas drilling engineering in complex formations is a 
worldwide technical challenge. Well leakage in fractured formations accounts for about 80% or more 
of the total number of well leakage, often with faster leakage rate, larger leakage loss, low success 
rate of plugging, and its loss accounts for about 90% or more of the total consumption of well 
leakage [1-4]. Therefore, it is of great signiϐicance to construct a model of ultra-high-temperature 
dense pressure-bearing leakage prevention and plugging working ϐluid system based on multivariate 
nonlinear regression and machine learning optimization. 

With the increasing development of oilϐield technology, pressurized leakage plugging technology 
has been increasingly emphasized and studied. Pressurized leak plugging technology is a key 
technology widely used in oilϐield production, which can effectively solve the problems of wellhead 
leakage and tubing column damage in oilϐield production, and improve the ϐield production 
efϐiciency and wellhead safety [5-8]. Pressurized leakage plugging technology mainly refers to the 
use of certain technical means to stop leakage and seepage by pressurizing and sealing the pipeline 
or pore to achieve the effect of stopping leakage and seepage when encountering leakage and 
seepage in the process of wellhead construction, debugging and production [9-11]. Pressurized 
leakage plugging technology research is mainly focused on the following aspects: plugging material 
research. Leakage plugging material is the core of pressurized leakage plugging technology. At 
present, the commonly used plugging materials include glue, seaweed powder, polymer hydrogel and 
so on. When choosing the leak plugging materials, it is necessary to consider its leak plugging 
efϐiciency, pressure resistance and environmental protection and other factors [12-15]. Leak 
plugging tool research. Leak plugging tool is a carrier to realize pressure leakage plugging, and its 
performance is an important factor affecting the effect of leakage plugging. At present, the plugging 
tools are generally divided into two categories: internal and external plugging, in which the internal 
plugging tools are more complex, and the plugging effect can be monitored in real time by logging 
tools such as MFT and PDM [16-19]. Research on plugging technology. The research of pressurized 
plugging technology includes screening plugging scheme, plugging construction debugging, plugging 
effect monitoring and other aspects. At present, the plugging technology is mainly applied to oil wells, 
natural gas wells and water injection wells [20-23]. 

The study analyzes the dense pressure-bearing plugging mechanism of leakproof plugging 
materials in fractured formations, selects the inϐluencing factors of the pressure-bearing capacity of 
the leakproof plugging working ϐluid from the formation factors, ϐluid factors, and process factors, 
collects the relevant data through indoor experiments, and establishes a model using the 
multivariate nonlinear regression method to explore and check the ϐitting results of the model. Then, 
the collected well leakage data were analyzed and studied using support vector machine algorithm to 
establish a prediction model for the parameters of the leak prevention and plugging working ϐluid, 
and the working ϐluid particle size was classiϐied into four categories, and the prediction 
performance of this paper's model for the particle size of the leak prevention and plugging working 
ϐluid was evaluated by using the F1 score through the testing of different machine learning methods 
on the training set, testing set and validation set. 

2. Mechanism of dense pressurized containment in fractured formations 

The existence of fractures in the exploration and development of oil and gas resources can lead to the 
leakage of working ϐluids, which in turn induces serious reservoir damage. Ultra-high-temperature 
dense pressurized leakproof plugging materials are carried into the annular wellbore by drilling 
ϐluids, and ϐirstly, they have to overcome the depositional effect and sealing effect, and enter into the 
fractures under the effect of differential pressure in the wellbore. The plugging layer is formed by 
bridging, stacking and ϐilling in the fracture, which is a typical granular material system composed of 
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different types of leakage prevention and plugging materials. The dense pressure-bearing 
performance of the plugging layer mainly depends on two aspects: 
1) Interaction between blocking layer and crack wall surface. Leak prevention and plugging materials 
into the crack, large particle size particles ϐirst bridging, medium and small particle size particles for 
ϐilling and blocking step by step, forming a dense pressure-bearing plugging layer. Bridging is the 
basis for the formation of the blocking layer, and there is interaction between the leakage plugging 
particles and the crack wall surface. When the crack closure stress is greater than the compressive 
strength of the bridging particles, the particles will be crushed by extrusion and lead to blocking 
instability, therefore, the large-size bridging particles should have high compressive strength to 
prevent crushing and destabilization. 
2) Densiϐication and structural strength of the internal blocking layer. Leakage prevention and 
plugging materials in the cracks undergo transport, bridging and accumulation of ϐilling and other 
dynamic processes to form an effective plugging layer, the ability of the plugging layer to resist 
inϐiltration leakage destabilization and shear dislocation destabilization, determines its internal 
densiϐication and structural strength. As a typical granular material system, the plugging layer has a 
variety of physical mechanisms and multi-scale structural characteristics with “force chain” as the 
core, and the internal force chain network structure and its stability affect the macroscopic 
densiϐication and structural strength of the plugging layer. When a large number of stable force chain 
network structure is formed inside the plugging layer, it is conducive to improving the stability of the 
overall structure of the plugging layer and forming a dense pressure-bearing plugging layer with 
strengthened force chain network structure. 

3. Working fluid pressure capacity and parameter prediction methods 

For ultra-high-temperature dense pressure-bearing leak prevention and plugging materials, in order 
to understand the inϐluencing factors of their pressure-bearing capacity, a mathematical model of the 
pressure-bearing capacity of the leak prevention and plugging working ϐluid was established by the 
multivariate nonlinear regression analysis method, and then a prediction model of the leak 
prevention and plugging working ϐluid was established by using the machine learning method, which 
can predict the particle size of the working ϐluid of the workover ϐluid in order to prevent and plug 
the wells from designing the workover operations. 

3.1. Working fluid pressure capacity model 

Regression analysis is a statistical method for determining the interdependence between two or 
more variables. Its advantage is that it is easy and convenient to operate when analyzing multi-factor 
models, and it can accurately analyze the degree of correlation between the factors and improve the 
accuracy of the prediction equation. Multiple regression analysis is used to ϐit the relationship 
between the pressure capacity of leak prevention and plugging working ϐluid and the experimental 
factors. 

The general nonlinear regression model can be expressed as: 

 ( , )y f x b    (1) 

Here, x  is an observable independent random variable, b  is the parameter vector to be 
estimated, and y  is an independently observed variable whose mean depends on x  & ,b   is the 
random error. 

3.1.1. Model calculations. In order to introduce the least squares approach to nonlinear regression, 
a simple one-parameter model is ϐirst considered: 

 2 2
1 2( , ) , ( ) 0, ( )i i i i i i i iY f X b bX b X E Var            (2) 
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Deϐine the residual sum of squares: 
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According to the least squares principle of regression, the sum of squares of the residuals should 
be minimized, and thus the derivation of ( )S b  yields: 
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Organized: 
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This is a cubic equation about b . b  then has three possible solutions. Substituting each of these 
three solutions into ( )S b  and taking the one that minimizes ( )S b , ( )S b  is the ϐinal solution to the 
regression model. 

3.1.2. Model testing: 
1) Hypothesis testing of regression equations. These partial regression coefϐicients 


jb  calculated 

from the sample are estimates of the overall partial regression coefϐicients jb . If these overall partial 
regression coefϐicients are equal, the multiple regression equation is meaningless. Therefore, as with 
linear regression, it is necessary to test these partial regression coefϐicients after the equation has 
been constructed. Hypothesis testing of multiple regression equations can also be done using 
analysis of variance (ANOVA). 

The sum of squared deviations from the mean of the dependent variable y is decomposed into two 
parts by regression analysis. 

 2 2 2

1 1 1

ˆ ˆ( ) ( ) ( )
n n n

T i i i i R E
i i i

SS y y y y y y SS SS
  

           (6) 

Also, the degrees of freedom are decomposed into two parts. One of the regression degrees of 
freedom is the number of independent variables: 

 , ( 1) 1R E T Rdf p df df df n p n p          (7) 

From this, the mean square of the two components can be calculated separately: 

 2

1

ˆ/ ( ) /
n

R R R i
i

MS SS df y y p


    (8) 

 /E E EMS SS df  (9) 

The test hypothesis for ANOVA is 0 1 2: 0pH b b b    , which implies that there is no 
regression relationship between dependent variable y  and all independent variables jx  and that 
the multiple regression equation is not meaningful. The corresponding alternative hypothesis 

1 1 2: , , , pH b b b  is not all 0 and 0H  holds when there is: 
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That is, F  obeys a F  distribution. This allows the regression equation to be tested for 
signiϐicance using the F  statistic. 
2) Hypothesis testing of regression coefϐicients. The fact that the multiple regression equation is 
statistically signiϐicant does not mean that every partial regression coefϐicient is signiϐicant, so it is 
necessary to test every partial regression coefϐicient. At 0jb  , the partial regression coefϐicients 
ˆ ( 1,2, , )jb j p   follow a normal distribution, so the partial regression coefϐicients can be tested 

with the t  statistic. Test hypothesis 0 1: 0, : 0j j jH j b H b  . When 0 jH  holds, and 
2 1ˆ ~ ( , ( ) )b N b X X   , note 1( ) ( )ijX X c   . The constructed t  statistic is: 

 




1,2, ,
j

j j
j

b

b b
t j p

s


    (11) 

where ˆ
j

s
  is the standard error of the j nd partial regression coefϐicient, the calculation of which is 

complicated. Then: 
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where ,y xs  is called the residual standard deviation or standard error of estimate and also reϐlects 
the degree of variation in the dependent variable y  after subtracting the linear effects of the 
respective variables x . yxs  can be compared with the standard deviation ys  of y , which gives an 
indication of the magnitude of the linear effect of all independent variables x  on y . 

When the original hypothesis 0 : 0j jH b   holds, the t  statistic above obeys a t  distribution 

with 1n p   degrees of freedom. Given the level of signiϐicance  , ϐind the critical value of the 
two-sided test 1 /2t  . When 1 /2| |j at t  , the null hypothesis 0 : 0j fH b   is rejected, it is considered 

fb  signiϐicantly non-zero, and the linear effect of independent variable fx  on dependent variable 
y  is signiϐicant. When 1 /2| |jt t  , accept the null hypothesis 0 : 0jH j b  , consider jb  to be zero 

and the linear effect of independent variable jx  on dependent variable y  is not signiϐicant. 

3.2. Predictive modeling of working fluid parameters 

Mathematical methods are difϐicult to express and judge the nonlinear relationship of various 
complex situations in the drilling ϐluid leakage, thus highlighting the power of machine learning 
algorithms, which can classify and predict various leakage and plugging parameters in the drilling 
process through many types of models based on the principle of nonlinear functions. These machine 
learning algorithms have been shown to be effective in many complex well leakage accidents, and are 
of great signiϐicance in guiding the leakage prevention and plugging work during the drilling process. 
The built-in modules and libraries of Python are used to realize the prediction model of leakage 
prevention and plugging working ϐluid parameters, and this paper adopts the support vector 
machine algorithm to establish the prediction model. 

Support vector machine (SVM) is a common binary classiϐication model, and its basic idea is to 
map the data into a high-dimensional space and ϐind a hyperplane in that space, so that the distance 
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from various types of data points to the hyperplane is maximized.SVM algorithm has a wide range of 
applications in the ϐields of classiϐication, regression and so on. Speciϐically, for a given training 
dataset, SVM will determine the best decision boundary by calculating the distance between each 
sample point and the hyperplane. In order to avoid overϐitting and improve generalization 
performance, SVM also introduces a kernel function, which can map linearly indistinguishable data 
into a high-dimensional space, thus achieving nonlinear classiϐication. 

Functional Interval: for a given training dataset T  and hyperplane ( , )w b , deϐine the functional 
interval of hyperplane ( , )w b  with respect to sample point ( , )i ix y  as: 

 )ˆ (i i iy w x b     (14) 

Deϐine the minimum of the function interval of hyperplane ( , )w b  with respect to the training 
dataset T  and hyperplane ( , )w b  with respect to all sample points ( , )i ix y  in T, i.e: 

 1, ,
ˆ ˆmini N i    (15) 

Geometric Interval: for a given training dataset T  and hyperplane ( , )w b , deϐine the geometric 
interval of hyperplane ( , )w b  with respect to sample point ( , )i ix y  as: 

 )
|| ||

ˆ (
|| ||i i i

w b
y x

w b
     (16) 

Deϐine hyperplane ( , )w b  with respect to the training dataset T  and hyperplane ( , )w b  with 
respect to the minimum of the geometric interval between all sample points ( , )i ix y  in T, i.e: 

 1, ,
ˆ ˆmin ii N
 




  (17) 

3.2.1. Linearly Differentiable Support Vector Machines. Suppose that a training dataset 
 1 1 2 2( , ), ( , ), , ( , )N NT x y x y x y   on a feature space is given, where 

, { 1, 1}, 1, 2, ,n
i ix R y Y i N        . Linearly differentiable support vector machines are used to 

solve classiϐication problems for linearly differentiable problems. Linearly differentiable support 
vector machines use interval maximization to ϐind the optimal separating hyperplane, the so-called 
maximal interval separating hyperplane is to ϐind the separating hyperplane with the largest 
geometric interval. 

Given a linearly divisible training dataset, the separation hyperplane obtained by interval 
maximization or equivalently by solving the corresponding convex quadratic programming problem 
is learned as: 

 * * 0w x b    (18) 

And the corresponding classiϐication decision function is: 

 * *( ) ( )f x sign w x b    (19) 

Solving a maximally spaced hyperplane can be transformed into an optimization problem, and the 
linearly divisible support vector machine learning algorithm is given below: let the linearly divisible 
training set  1 1 2 2( , ),( , ), , ( , )N NT x y x y x y  , where: 

 , { 1, 1}, 1,2, ,n
i ix R y Y i N         (20) 

1) Construct and solve the constrained optimization problem: 
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Find the optimal solution * * * *
1 2( , , , )TN     . 

2) Compute * *
N

i i i
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3) Find the separating hyperplane (18) and the classiϐication decision function (19). 

3.2.2. Linear support vector machines. Suppose that dataset  1 1 2 2( , ), ( , ), , ( , )N NT x y x y x y   is 

deϐined on the feature space where , { 1, 1}, 1, 2, ,n
i ix R y Y i N        . When the training 

dataset is not divisible, it means that some sample points ( , )i ix y  cannot satisfy the constraint that 
the function interval is greater than or equal to 1. Whereas the datasets encountered in reality are 
indivisible, to overcome this problem, a slack variable 0i   can be introduced for each sample 

point ( , )i ix y  such that the function interval plus the slack variable is greater than or equal to 1. 
Thus the constraint becomes: 

Sufϐicient dimensionality reduction based on principal support vector machine: 

 ) 1(i i iy w x b      (22) 

The objective function becomes: 
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where 0C   is called the penalty parameter. The learning problem of a linearly indivisible linear 
support vector machine thus becomes the following convex quadratic programming problem: 
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4. Experimental results and analysis 

4.1. Factors affecting the pressure-bearing capacity of the working fluid 

4.1.1. Pre-laboratory preparation: 
1) Setting of inϐluencing factors. The inϐluencing factors of the pressure-bearing capacity of the 
working ϐluid for leakage prevention and plugging are selected from three aspects: stratigraphic 
factors, ϐluid factors and process factors. Stratigraphic factors: stratum lithology X, stratum fracture S, 
stratum pressure p, stratum temperature T. Fluid factors: density D and viscosity AV. process factors: 
injection speed Q. 
2) Experimental core. For sandstone, the core plunger is directly drilled by rotary grinding with a 
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plunger driller, and then a single penetrating seam parallel to the axial direction of the plunger is 
obtained after applying a certain pressure to the core plunger, which is used to simulate the 
fracturing process, and then artiϐicial ceramic grains of different grain sizes are used to support to 
achieve the purpose of different seam widths. For carbonate rock, the core taken out during drilling 
has developed cracks, and if the standard plunger is disturbed too much during drilling, the cracks 
are easy to be enlarged, and the core is easy to be ruptured and fall out, which can not accurately 
simulate the underground fracture state. To solve this problem, the core plungers were prepared 
using CNC wireline cutting technology, which retained the natural cracks in the core well, so that 
each core plunger had a single natural crack parallel to the axial direction. In order to be closer to the 
real situation of the formation after acidizing during well workover, especially the fracture surface, 
the prepared carbonate core plungers were subjected to indoor simulation of acidizing, and the 
fracture after acidizing was processed to obtain the core plungers with different fracture widths. 
3) Experimental equipment. The main equipment used in this experiment is the unconventional 
natural gas production simulation system. The equipment mainly includes core holder, sealing and 
heating box, ϐluid pump, pressure gauge and other components. 

4.1.2. Experimental data collection. An indoor test was conducted to evaluate the inϐluence of 
different factors on the pressure-bearing capacity of the plunger leakage prevention and plugging 
working ϐluid in fractured rock samples. The experimental data are not measured with the same kind 
of instruments, standardized on the same scale and operated in the same way, so there is bound to be 
an error in each set of data mainly due to the scale factor. In order to eliminate such errors as much 
as possible, each type of data was standardized and each factor was corrected to a level. The Z-SCORE 
method was used to standardize the ϐield data. 

4.1.3. Analysis of model results. Organize the indoor experimental data of the pressure-bearing 
capacity of leak-proof and leak-plugging working ϐluid, establish the mathematical model of the 
pressure-bearing capacity of leak-proof and leak-plugging working ϐluid through the method of 
multivariate nonlinear regression analysis, and analyze it to get the pressure-bearing capacity (P) 
inϐluencing factors and laws. 

SPSS software was used to open the normalized data and carry out multivariate nonlinear 
regression to obtain the data model equation as follows: 
P=-0.189X-0.694S+0.031T+0.502p-0.005D+0.099AV- 0.181Q+0.562. 

Sig=0.008<0.05, indicating that the model is applicable. In order to verify the accuracy of the 
mathematical model, the experimental data were ϐitted to the experimental data of the 
pressure-bearing capacity data, and the comparison of the ϐitted value of the pressure-bearing 
capacity with the actual value is shown in Figure 1. The ϐitted curve of pressure capacity of leakage 
prevention and plugging working ϐluid is similar to the actual curve of experiment, and the 
correlation coefϐicient of model ϐitting is R²=0.922, which is good, so it can be used to analyze the 
inϐluencing factors and laws of pressure capacity of working ϐluid for leakage prevention and 
plugging in fractured stratum. 

It can be seen from the equations of the mathematical model of pressure-bearing capacity and the 
ϐitting results: 
1) The coefϐicients of formation temperature (0.031), formation pressure (0.502) and apparent 
viscosity (0.099) are positive, so the pressure-bearing capacity of working ϐluid for leakage 
prevention and plugging is positively correlated with the formation temperature, formation pressure 
and apparent viscosity, and the coefϐicients of formation lithology (-0.189), seam width (-0.694), 
density (-0.005) and injection speed (-0.181) are negative. Therefore, the pressure-bearing capacity 
of leakage prevention and plugging working ϐluid is negatively correlated with the formation 
lithology, seam width, density and injection speed. 
2) Among the stratum factors, the absolute value of the coefϐicient of seam width is the largest, so the 



RESEARCH ON THE CONSTRUCTION OF A WORKING FLUID SYSTEM 6207 

 

seam width has the largest inϐluence on the pressure-bearing capacity, and the absolute value of the 
coefϐicient of stratum pressure and stratum lithology is second only to the seam width, so the 
stratum pressure and lithology also have a great inϐluence on the pressure-bearing capacity, and the 
temperature has a very small inϐluence on the pressure-bearing capacity. 
3) Among the ϐluid factors, the larger the apparent viscosity is, the higher the pressure-bearing 
capacity of the leak prevention and plugging working ϐluid is, because the coefϐicient of density is 
very small, and the coefϐicient is close to 0, so the density has a small inϐluence on the 
pressure-bearing capacity, and the coefϐicient of apparent viscosity is medium, so the apparent 
viscosity has an inϐluence on the pressure-bearing capacity. 
4) Among the process factors, the larger the injection speed is, the smaller the pressure-bearing 
capacity of the working ϐluid for leak prevention and plugging is, and the absolute value of the 
coefϐicient is medium, so the injection speed has a certain effect on the pressure-bearing capacity. 

 
Fig. 1. Comparison of pressure-bearing capacity fitting value and actual value 

The relative errors between the actual and ϐitted values of pressure capacity are shown in Figure 2. 
The relative errors between the ϐitted and actual values of pressure capacity range from 0.3% to 
5.5%, with an average relative error of only 2.9%. 

 
Fig. 2. Relative error between actual value and fitting value of pressure-bearing capacity 

Figure 3 shows the analysis of the residuals from the ϐitting of the pressure capacity.The basal 
distribution of the data points of the P-P plot is near the ϐitted line. The calculated residual of 0.028 
indicates that the regression model can ϐit the original data better without singularities. Therefore 
the mathematical model based on multivariate nonlinear regression analysis is suitable for the 
analysis of the factors and laws affecting the pressure-bearing capacity of working ϐluid for leakage 
prevention and plugging in fractured formations. 
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Fig. 3. Fitted residual analysis P-P plot of pressure-bearing capacity 

4.2. Predictive analysis of working fluid parameters 

For the prediction model based on support vector machine, the relationship between input and 
output is calculated according to the model classiϐication by using the data such as leakage 
parameter given in the training set to make an accurate classiϐication prediction between the 
working ϐluid parameter and the output. 

4.2.1. Data collection and cleansing. At present, six major categories of data, including well leakage, 
drilling working ϐluid, logging curve, logging interpretation and stratiϐication and formation pressure 
data, are collected and organized for 115 wells in an oil mine in a certain area to construct the 
experimental dataset. There are many missing data in the logging interpretation results, and from 
the data, it is mainly because some well leakage sections are in non-reservoir sections, so the 
interpretation results do not contain data such as pore seepage saturation in the well leakage 
sections. 

Characterization data are processed as follows: 
1) Firstly, empty rows and columns are removed when reading the ϐile. 
2) For the logging curve and interpretation results data, the anomalies are also processed as empty 
values, which is convenient for the subsequent uniϐied processing. 
3) Round up the well depths and keep the whole number before merging, otherwise there will be a 
lot of missing data because of the difference after the decimal point. 
4) If the logging curve and the interpretation results have renamed columns when merging, the 
logging curve column will be removed and retained due to more missing interpretation results. 
5) In addition to the numerical items, there are text items such as directional, 91+screw, screw+58 
and so on, which are uniformly processed as the average value. 
6) For leakage related data such as whether leakage, leakage speed, grain size, layer position, pump 
pressure, displacement, etc., no leakage is added as 0. 
7) The format of leakage speed column is not uniform, and the regular expression is used to extract 
the value. 
8) Pump pressure and displacement columns also use regular expressions to extract the numerical 
items. 
9) Outliers in the data are removed. 
10) The layer data are strings, which cannot be recognized by the program, and are replaced by 
numbers. 
11) Logging data are ϐilled with interpolation method. 
12) Layer position, layer top depth, pore pressure, rupture pressure, collapse pressure, and closure 
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pressure are populated with priors. 
13) The remaining characteristics are populated with median values. 

4.2.2. Division of raw data. When training a well leakage prediction model, the processed well 
leakage data is usually divided into three parts, i.e., the training set, the test set, and the validation set, 
in order to evaluate the model's performance and generalization ability. When performing model 
training and evaluation, it is necessary to ensure that there is no overlap between the training, 
validation and test sets, so as not to lead to model overϐitting that has an impact on the accuracy of 
the training results. Eight wells were randomly taken out from the block as the validation set, and the 
remaining data were divided into the training and test sets in the ratio of 8:2. 

4.2.3. Forecast analysis. Particle size distribution is an important parameter in the process of 
designing bridging plugging formulations, which are selected on the basis of particle size distribution 
for plugging operations to minimize ϐluid loss. The design of bridging particle size is crucial if the 
material is to enter the crack smoothly and form a solid bridging. 

In this study, we address the problem of predicting the particle size of D90, the largest particle of 
the leakage prevention and plugging working ϐluid, whose particle size distribution range is shown in 
Fig. 4, which is categorized into four classes (0, 500], (500, 1500], (1500, 3000], and (3000, +∞), 
(unit: μm). The training set was inputted into different classiϐication models for training, and model 
tuning, etc., to derive the optimal model and parameters.The D90 particle size distribution ranges 
were mostly concentrated in the two ranges of (500, 1500] and (1500, 3000], (0, 500] was the 
second largest, and the distribution was the least in (3000, +∞]. 

 
Fig. 4. Plugging formula D90 particle size distribution range 

The k-nearest neighbor, neural network, GA-SVC, decision tree, random forest, extreme random 
tree, stochastic gradient descent, AdaBoost and Bagging meta-estimation are selected as the 
comparison methods, and the confusion matrix of the validation set for grain size classiϐication is 
shown in Fig. 5, and (a) to (j) are the corresponding prediction results of each algorithm. Most of the 
particle sizes in the validation set are in the range of 500 to 1500 μm as well as 1500 to 3000 μm. In 
terms of prediction, the support vector machine algorithm correctly predicted 77 cases in the range 
of 500 to 1500 μm, 59 cases in the range of 1500 to 3000 μm were all correctly predicted, the 
support vector machine algorithm also correctly predicted the most of the 6 samples in the range of 
0 to 500 μm, and also correctly predicted 2 out of the 3 cases in the range of >3000 μm. 
Comprehensively the support vector machine algorithm performed the best, with only 7 prediction 
errors within 151 points, and the overall prediction accuracy of the particle size of the leakage 
prevention and plugging working ϐluid was 95.36%. 
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(a)SVM model                        (b)K neighbor 

 
(c)Neural network                        (d)GA-SVC 

 
(e)Decision tree                         (f)Random forest 

 
(g)Extreme random tree               (h)Random gradient descent 
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(i)AdaBoost                    (j)Bagging meta-estimate 

Fig. 5. Validation set confusion matrix (particle size classification) 
The F1 scores of each model data set are shown in Figure 6. It can be seen that the stochastic 

support vector machine prediction model has a better performance in the training set, test set and 
validation set, with scores of 0.9173, 0.9081 and 0.9320, respectively, i.e., this paper's prediction 
model for the parameters of the leakage prevention and plugging working ϐluids based on the 
support vector machine has a high prediction performance. 

 

Fig. 6. F1 score for each model dataset (extended training set) 

5. Conclusion 

Leakage is one of the common downhole complex problems in the drilling process, and there is an 
urgent need to carry out an in-depth study on the materials of ultra-high-temperature dense 
pressure-bearing leakage prevention and plugging working ϐluids and other materials. In this study, 
we select the factors affecting the pressure-bearing capacity of leakage prevention and plugging 
working ϐluids, establish a mathematical model of pressure-bearing capacity through multivariate 
nonlinear regression analysis, and establish a prediction model for the parameters of leakage 
prevention and plugging working ϐluids based on the support vector machine by using machine 
learning algorithms, and then analyze and test the two mathematical models. The main results are as 
follows: 
1) The established mathematical model of pressure-bearing capacity of leakage prevention and 
plugging working ϐluid in fractured formations has a ϐitting correlation coefϐicient of R²=0.922, which 
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is a good ϐit. The model shows that the factors that have the greatest inϐluence on the 
pressure-bearing capacity of the leakproof plugging working ϐluid are seam width (-0.694) and 
formation pressure (0.502). The model has high accuracy and small ϐitting error, and the average 
relative error is only 2.9%, which can be applied to analyze the inϐluencing factors and rules of the 
pressure capacity of working ϐluid for leakage control and plugging in fractured formations. 
2) Most of the D90 particle sizes of leakproof plugging working ϐluid are distributed in (500, 1500] 
and (1500, 3000]. For the prediction of the maximum particle size of D90 of the leakage plugging 
material, the support vector machine model in this paper has the best performance, and its F1 value 
for the training set, test set and validation set is above 0.9, and the prediction accuracy in the 
validation set is 95.36%. 

Based on the above study, the model of this paper can provide certain reference for the design of 
leakage prevention and plugging scheme and construction parameters in the ϐield, which can be used 
to guide the temporary plugging and repairing operation of the leakage prevention and plugging 
working ϐluid in fractured formations, which is of great signiϐicance in realizing the long-term and 
stable plugging in the ϐield. 
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