DE GRUYTER

Open Physics 2022; 20: 224-231

Research Article

Yuchen Xie, Jingfu Zhang*, Jiancheng Wang, Hujia Zhu, and Shuai Xie

A physical model for calculating cementing
quality based on the XGboost algorithm

https://doi.org/10.1515/phys-2022-0024
received February 13, 2022; accepted March 21, 2022

Abstract: A physical model can be used to judge cementing
quality to help drilling engineering. This article reports a
physical model based on the XGboost algorithm to solve the
cementing quality prediction problem of oil and gas wells.
Through the physical model, the nonlinear, time-varying,
and uncertain influencing factors, the high latitude of the
data set, the lack of data, data imbalance and other char-
acteristics are comprehensively analyzed. Finally, through
numerical example verification, the physical model we
reported can effectively predict the key factors affecting
quality, improve process quality and reduce unit cost.
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1 Introduction

In recent years, artificial intelligence has spread to var-
ious fields [1], such as autonomous vehicles in the field of
transportation [2], intelligent medical imaging in the field
of medicine [3], robot escort in the field of elderly care
(4], and so on. In these fields, data mining, data mod-
eling, and data analysis play a key role in solving pro-
blems based on artificial intelligence.

In petroleum engineering, experts have proposed
intelligent drilling to improve drilling efficiency [5]. The
wellbore pressure and temperature gradient can be pre-
dicted by establishing a physical model [6]. Gradually,
scholars developed a logging driller intelligent interpreta-
tion system based on intelligent drilling [7]. It has laid the
foundation for promoting artificial intelligence drilling
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and completion engineering technology. However, there
is still a lack of good physical models for field guidance
in drilling and completion engineering. Particularly, in
cementing engineering technology, due to many factors
affecting cementing quality, there are nonlinear, time-
varying, and uncertain factors [8].

Cementing is an important process in the drilling and
completion of oil and gas wells [9]. High-quality cementing
quality will improve the production life of oil and gas wells
[10]. How to improve the quality of cementing technology
has become a hotspot in the field of cementing research [11].
In the research on cementing quality prediction of oil and
gas wells, experts and scholars from all over the world have
used different methods to analyze the main factors affecting
the cementing quality. On this basis [12], an evaluation
method for cementing quality is initially established [13].
Li and Shi organically combined different logging evalua-
tion methods to form a cementing quality evaluation system
for different requirements [14]. Yang et al. established a
casing-hole sound field model and improved the cementing
quality evaluation standard and method by using the influ-
ence of cement slurry density [15]. Zhan and Zhu simulated
different downhole environments through numerical simu-
lations and physical simulations to realize the evaluation of
cementing quality of oil and gas wells [16]. Yang et al
established a multifactor statistical model of cementing
quality using a combination of grey correlation and fuzzy
evaluation [17].

With the development of the artificial neural net-
work, many scholars have begun to apply neural network
theory to the prediction of cementing quality of oil and
gas wells. Ai et al. established a multifactor cementing
quality evaluation model for the first time using an ortho-
gonal wavelet neural network [18]. Bu et al. used a neural
network algorithm to establish a mathematical model
for cementing quality prediction [19]. Lu et al. combined
an immune optimization algorithm with BP neural net-
work and proposed a cementing quality prediction model
established by immune neural network [20]. Pan et al.
used the previous research data to use database statistics
to analyze and summarize the influence of various factors
on cementing quality.
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With the advancement of science, solving problems
through physical models has become an inevitable choice
[21]. Oil and gas well cementing quality prediction mainly
relies on neural network theory to establish related models.
Using the neural network model must rely on field experi-
ence, efc., and artificially select several representative data
identified as the most important and substitute it into the
model for prediction. However, there are a large number of
characteristic parameters that affect the cementing quality.
To ensure accurate data, we need an updated physical
model to help determine cementing quality. Therefore, the
establishment of a set of methods and models for intelligent
analysis of cementing quality based on big data mining and
intelligent calculation is of great significance for deepening
the research and development of cementing engineering
technology [22].

2 Physical model building

2.1 Physical model influencing factors

Cementing quality prediction models for oil and gas wells
are based on factors that affect cementing quality. Whether
the cementing quality is high or not depends on the influ-
ence of the formation conditions, wellbore conditions,
cementing equipment, cementing design, and other fac-
tors on the cementing process. In this article, combined
with cementing construction experience and research lit-
erature, the following four major influencing factors are
summarized to collect data and establish physical models:
(1) formation and wellbore factors, (2) cement slurry fac-
tors, (3) drilling fluid factors, and (4) construction opera-
tion factors.

Formation and wellbore factors include the following:
location, depth, formation pressure, minimum formation
fracture pressure, bottom hole mixing, well type, wellbore
quality, annular gap, etc.; cement slurry factors include the
following: cement slurry segment density, fluidity, thick-
ening time, filtration loss, cement dosage, displacement
selection, efc.; drilling fluid factors include the following:
drilling fluid segment density, drilling fluid water loss, dril-
ling fluid shear force, total drilling fluid, displacement selec-
tion, etc.; construction operation factors including the fol-
lowing: displacement selection, cement slurry technology,
slurry mixing equipment and accessories, casing treatment,
etc.
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2.2 Data processing

According to the above theory, as a basis, the model char-
acteristic data are collected. In this study, the field data of
an oil field are taken as an example to collect data. At the
same time, the establishment of a database for data collec-
tion, storage, and invocation lays the foundation for sub-
sequent modeling. The collected data are given in Table S1.

After analyzing the collected data, data preproces-
sing is performed, including data screening, missing
value processing, one-hot coding, data balance proces-
sing, and normalization processing.

The samples whose missing value feature of a single
sample is greater than 30% of the total number of fea-
tures are directly deleted, and the samples with less than
30% of the missing value are taken as a separate feature
for processing; the category label features are processed by
one-hot encoding; the query is positive. After the propor-
tion of negative samples, it is found that the proportion of
negative samples is relatively small, and oversampling
and repeated sampling are adopted; the order of magni-
tude difference of each feature data is calculated according
to the statistical analysis of the database, and it is judged
whether standardization and normalization are required.

When the order of magnitude difference between the
variables of cementing quality data is too large, after stan-
dardizing and normalizing the data, the process of finding
the optimal solution will become smoother, and it will be
easier to converge to obtain the optimal solution. In addi-
tion, the processed data reduce the influence of abnormal
data in training, making each feature data more compar-
able. The data of each dimension in the data set are brought
into the model so that the variance is 1 and the mean is O.
The standardized and normalized models are as follows:

X*:X_H, (1)

where x is the cementing quality data, y is the mean value
of the cementing quality data, and o is the standard
deviation of the cementing quality data.

The processed features are represented by fn.

2.3 Physical model based on the XGboost
algorithm

Extreme gradient boosting (XGboost), an implementation
of extreme gradient trees, is very important in most
regression and classification issues. The algorithm is based



226 —— Yuchen Xie et al.

on the traditional gradient improvement of the gradient
boosting decision tree algorithm. The traditional gradient
improvement algorithm is a step-of-order development of
the previous round of loss functions, while XGboost uses
Taylor’s fifth-order development to fit. It is mainly mani-
fested in the approximation of the loss function through
Taylor’s second-order expansion and the use of regulariza-
tion to reduce overfitting, which belongs to ensemble
learning. The purpose of integrated learning is to combine
the prediction results of multiple base learners with improving
single learning, generalization ability, and robustness of the
device. Its advantages are fast speed, good effect, ability to
process large-scale data, support for multiple languages, sup-
port for custom loss functions, and so on. Therefore, the
accuracy of the physical model based on the XGboost algo-
rithm is higher, the same training effect is satisfied, and the
number of iterations is fewer, which makes the model easier,
avoiding the fit.

A general way to build the optimal model is to mini-
mize the loss function of training data; assume that there
are K decision trees in the model:

K
V= Y ), fi €D, )
k=1
where f; is a function in the function space D, y; is the
predictive value, x; is the input of the text of i sample, and
D is all possible collections of all possible Classification
and Regression Tree.
The XGboost algorithm adds each time a new tree,
and it is assumed that the predicted value of the term is
y®i, the derived process is as follows:

y© =0,

5O = fitx) = 5O + i),
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As shown in Eq. (4), the target function of the XGboost
algorithm is the loss function

n t n
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where Q(f;) is the regular item, which reduces complexity
and prevents the effect of predation. Take 7! + f;(x;) in
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the target function as a whole, and this overall value is
taken at y(-V
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where g;, h; is one order and two steps. All constant items
are removed in the function:

n
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+ 20(f) + Q(f).
i=1
The regular item for the tree in XGboost is defined as
follows:

T
Qf) = yT + %AZW?, %
j=1
where w; is the fractional value on the j left leaf node in
tree f and T is the total number of leaves nodes in tree f.
y and A are custom parameters for XGboost, y is the L1
regular item, and A is the L2 regular item.
Define the sample set on each leaf node j as
I; = {ilq(x;) = j}, After substituting the function f, the
regular term and the leaf node sample set into the objective
function formula (6), We can get a new formula (8). The
final objective function formula (8) is obtained as follows
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When the derivative of formula (8) is 0, we can get the
optimal value of X. Bringing the optimal value of X into the
objective function, the final loss can be obtained as:

. G;
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As can be seen from Eq. (9), the result is best when
w;" decreases to the minimum.

3 Results

Through oilfield on-site case verification, the predictive
model established herein, the data set is the data set in
the field database, which belongs to the high latitude and
less sample quantity. The data set is the final quality of
the well, where “f0,” “f1,” and “f124” indicate the quality
characteristics of the sample, “Y” indicates the quality
result, “1” indicates that qualification, and “0” means
unqualified.

In the process of establishing a model, in order to
verify the XGboost algorithm more accurately, three algo-
rithms are used to simulate experiments: XGboost, random
forest and linear regression. According to the score of
training and test values in the simulation experiment,
XGboost is shown in Figure 1, for which the score differ-
ence ranges between 0.05 and 0.2; and random forest and
linear regression are shown in Figures 2 and 3, respec-
tively. The score difference between the training value
and the test value is between 0.15 and 0.34 and between
0.2 and 0.8, respectively.

Comparing the training value and the test value of
the XGboost algorithm model, the score difference is in
the optimal range in three algorithms; the accuracy of the
XGboost test set reaches 85%, while that of the random
forest reaches only 70%, indicating that these two
algorithms fit well. While the degree is high, the linear
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Figure 1: XGboost algorithm fitting graph.
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Figure 2: Random forest algorithm fitting graph.

regression algorithm is almost unqualified. The verifica-
tion results have proved that the XGboost algorithm is
more accurate, fits better, and is more suitable for pre-
dicting the quality of oil and gas wells.

To further improve the accuracy of the model predic-
tion, the built-in parameters of XGboost are optimized,
the main parameters are as follows: n_estimators, max_-
depth, min_child_weight, subsamples, colsample_bytree,
etc. where the n_estimators parameter determines the
number of model iterations, as shown in Figure 4. When
the value of n_estimators is 900, the loss value reaches the
lowest point of 0.1915, and the fit is optimal.

The max_depth parameter is the maximum depth of
the tree; adjusting this value to avoid the effect of
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Figure 3: Linear regression algorithm fitting graph.
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Figure 4: n_estimators parameter tuning map.

predation makes the prediction effect of the test set more
accurate. As shown in Figure 5, when the value of max_-
depth is 3, the loss value reaches the lowest value of 0.19,
and the fit is optimal.

The min_child_weight parameter determines the minimum
leaf node sample weight and adjusts the parameter to
avoid the fit. As shown in Figure 6, when the value is 1,
the loss value is 0.19 at the lowest, and the fit is optimal.

The subsample parameter controls for each tree ran-
domly sampled, and it is used to optimize the fitting
effect. As shown in Figure 7, when the value is 1, the
loss value reaches 0.19, and the fit is optimal.

The colsample_bytree parameter is used to control
the proportion of each tree randomly sampled, which is
used to for debugging fit effects. As shown in Figure 8,
when the value is 0.9, the loss value reaches a minimum
of 0.187, and the fit is optimal.
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Figure 5: Max_depth parameter tuning map.
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Figure 10: ROC evaluation indicator map.

The eta parameter refers to the learning rate and
improves the robustness of the model by reducing the
weight of each step. As shown in Figure 9, when the value
is 0.01, the loss value reaches a minimum of 0.187, and
the fit is optimal.

After parameter tuning, the test set score increased
from 0.85 to 0.89; that is, the prediction accuracy reached
89%. During the training iteration, the prediction accu-
racy of the model and the extensive ability of model fore-
casts are changed each time, but they all meet the 95%
confidence interval. Finally, the receiver operating char-
acteristic (ROC) curve of the model and the P-R curve are
shown in Figures 10 and 11.
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Figure 11: P-R graph.
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Figure 12: Feature parameter weight score diagram.

The area value surrounded by the curve is basically
more than 90%; with a large predictive value, the model
has a good application value.

According to model training, the weight score of each
feature variable is shown in Figures 3-12, the character-
istic parameters of the most critical key of the well quality
can be obtained as f6, f5, f2, f12, f13, f20 and 25. These
represent 1. Cement slurry segment density #2, 2. Cement
slurry segment density #1, 3. Cement slurry minimum dis-
placement, 4. Displacement minimum displacement, 5.
Cement slurry 50BC thickening time, 6. Drilling Fluid seg-
ment density #1, 7. Drilling fluid segment density #2; The
secondary key specific parameters are f15, {9, 24, f62, 51,
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Table 1: Key feature mapping table
fn Key characteristic fn Second key signature
fé6 Cement slurry second segment density f15 Total grout
f5 Cement slurry first segment density f9 Cement slurry injection time
f2 Cement slurry minimum displacement f24 Rushing density
f12 Rigid minimum displacement f62 Well diameter expansion rate
f13 Cement 50bc thickening time f51 Cement back
f20 Drilling liquid first segment density fa Rolling liquid
f25 Drilling liquid second segment density f10 Flushing liquid injection time
f1 Maximum displacement of cement slurry

f4, £10, f1, respectively 1. total amount of cement slurry,
2. cement slurry injection time, 3. flushing fluid density,
4. well diameter expansion rate %, 5. Cement return
height, 6. Total amount of flushing fluid, 7. Flushing fluid
injection time, 8. Maximum displacement of cement slurry

This score diagram is obtained by averaging the
superposition of the feature gain. In the XGboost predic-
tion model, the tree is branched with the greed method,
and the gain means the relative contribution of the model
calculated by the contribution of each feature through
each tree in the model. In other words, a high gain value
means that it is more important for generating prediction
models (Table 1).

Through the characteristics of high research weight
scores, these parameters play a key role in the top
replacement efficiency, and in the model of conven-
tional assessment of solid wells, the top replacement
efficiency has also the most critical influence on the
quality of the well. The research evaluation plays a
major role. The side of this result verifies that the
results predicted by this research model have greater
absolute reliability.

4 Conclusion

The combination of artificial intelligence big data and
cementing engineering technology is a new development
of cementing engineering technology in the new era. This
article reports a new physical model that can effectively
process, analyze, and evaluate a large number of com-
plex cementing quality influencing parameters and their
validity.

The results of this research have been modeled through
XGboost, random forest, linear regression, and other
machine learning algorithms. It is not difficult to see the
effect of the XGboost algorithm on each model. The pre-
diction accuracy is 89%. Through the physical model, the

maximum impact in cement slurry density, drilling fluid
density, replacement displacement, cement pulp perfor-
mance, efc., can be determined. In the cementing design
of oil and gas wells in the future, the cementing design
calculation can be carried out based on this model.
Ultimately, this model can further improve the efficiency
of cementing design work.
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