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Abstract

Many empirical and analytical methods have been proposed to predict fracturing pressure in cohesive soils. Most of them take into
account three to four specific influencing factors and rely on the assumption of a failure mode. In this study, a novel data-mining
approach based on the XGBoost algorithm is investigated for predicting fracture initiation in cohesive soils. This has the advantage
of handling multiple influencing factors simultaneously, without pre-determining a failure mode. A dataset of 416 samples consisting
of 14 distinct features was herein collected from past studies, and used for developing a regressor and a classifier model for fracturing
pressure prediction and failure mode classification respectively. The results show that the intrinsic characteristics of the soil govern the
failure mode while the fracturing pressure is more sensitive to the stress state. The XGBoost-based model was also tested against con-
ventional approaches, as well as a similar machine learning algorithm namely random forest model. Additionally, several large-scale tri-
axial fracturing tests and an in-situ case study were carried out to further verify the generalization ability and applicability of the

proposed data mining approach, and the results indicate a superior performance of the XGBoost model.

Keywords: Fracturing pressure; Failure mode; Cohesive soil; Data-mining; Large-scale tests

1 Introduction

As highlighted by Bjerrum et al. (1972), cohesive soils
may undergo hydraulic fracturing when the pressure and
injection rate of the injected liquid exceed a certain critical
value, which is now commonly referred to as the fracturing
pressure. Various approaches have been proposed to eval-
uate fracturing pressure, and corresponding failure modes
in cohesive soils through experimental work (Jaworski
et al., 1981; Mori & Tamura, 1987), analytical solutions
(Carter et al., 1986; Panah & Yanagisawa, 1989; Vesic,
1972) and numerical investigations (Chen et al., 2014;
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Kumar et al., 2017). These approaches are summarized
below, and their governing equations are shown in Table 1.

Many experiments such as triaxial fracturing tests (Mori
& Tamura, 1987; Soga et al., 2004; Yuan et al., 2021),
model tests (Liu et al., 2020; Yuan et al., 2007) and in-
situ tests (Liu & Yuan, 2014) were carried out to investigate
the fracture pressure and its influencing factors. Bjerrum
et al. (1972) derived a set of critical ratios to mitigate the
risks of hydraulic fracturing during field permeability tests,
in consideration of the initial in-situ stress state and water
pressure, piezometer characteristics and installation effects,
and injected water head. These recommended ratios did
not compare favorably with experimental results by
Decker and Clemence (1981), and was attributed to the
variation in Poisson’s ratio of the soil. These two studies,
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Nomenclature
a Half-width of the initial fracture slot v Flow value, representing the viscosity of injec-
¢ Cohesion tion liquid
E Elastic modulus w Water content
G Elastic shear modulus w| Liquid limit
h Height of the sample Wp Plastic limit
Kic Fracture toughness Omin Minimum principal stress
K, Coefficients of Rankine’s passive earth pressure Olin Minimum principal effective stress
K, = tan*(45 + ¢/2) On Stress normal to the plane of fracture
P Fracturing pressure oy Tension strength
qu Unconfined compressive strength Q@ Internal friction angle
Ty Internal radius of the sample u Poisson’s ratio
b External radius of the sample
) Initial pore water pressure
however, did not specifically address the failure Yanagisawa (1989) proposed an analytical solution of

mechanisms.

As shown in Table 1, Jaworski et al. (1981) carried out
model tests and first proposed an empirical formula for
tensile failure, Eq. (1), where m was found to lie between
1.5 and 1.8, and the tensile strength o to be relatively smal-
ler than those returned conventional tensile tests. Andersen
et al. (1994) reported that fracture occurs when the minor
principal effective stress exceeds the tensile strength of soil,
Eq. (2). Mori and Tamura (1987) carried out triaxial frac-
turing tests to investigate the relationship between fractur-
ing pressure and the properties of soil, and attributed the
atypical small g, value to the difference between the failure
mechanism induced by fracturing and the tensile failure by
the uniaxial tensile test or Brazilian test; they proposed a
shear failure criterion for fracturing, Eq. (3), which was
validated by Kurihara et al. (1988). Mori and Tamura
(1990) further proposed Eq. (4) in consideration that frac-
turing pressure increases with flow value of injection mate-
rials and becomes constant when flow value exceeds the
30 s. Tamura et al. (1993) comprehensively considered
the influence of the injection materials and proposed a
more general relation, Eq. (5), where m is usually equal
to 1 and n increases with viscosity of the injection materials
(water has a reference n value of 1). Finally, Soga et al.
(2005) conducted soil fracturing tests on kaolin clay in a
modified consolidation instrument and reported a linear
relation between the fracturing pressure and initial confin-
ing pressure.

Analytical approaches like cavity expansion theory
(Vesic, 1972) and elasticity theory have also been applied
to determine fracturing pressure; however, the assumption
of realistic failure mechanisms of fracturing remains a pri-
mary point of contention since different failure modes lead
to different fracturing pressure estimations. Based on the
Mohr—Coulomb criterion, Carter et al. (1986) derived a
closed-form solution Eq. (8) for the cylindrical expansion
in ideal cohesive-frictional materials. Panah and

stresses in a thick cylinder using two-dimensional elasto-
plastic analysis, Eq. (9), and reported that the fracturing
pressure agreed with the experimental values when a
Mohr—Coulomb criterion was assumed. Adopting a frac-
ture mechanics approach, Murdoch (1993) introduced the
fracture tip as well as its toughness and slot length to cal-
culate the fracturing pressure in soils, Eq. (11). Although
his experiments showed that water content is one difference
between fracturing in soil and in rocks, this factor was not
considered in his formulation. On the other hand, other
studies (Soga et al., 2005) included the pore water pressure
in their framework, Eq. (12), which assumes a tensile fail-
ure mechanism.

With the development of high-performance computing,
numerical methods have become an attractive option to
analyze the fracturing phenomenon. Adopting a combined
shear and tensile failure mechanism (a failure criterion that
is applicable to geo-materials), Wang et al. (2009) investi-
gated the mechanism of crack initiation and propagation
in a two-dimensional cylindrical body of stiff and heteroge-
neous soils. Based on the same fracture mechanism, Chen
et al. (2014) developed a hybrid numerical model that cou-
ples the finite element method (FEM) and the volume of
fluid (VOF) technique to simulate fracturing grouting in
soils. As a more general numerical method, FEM simula-
tion was applied by Kumar et al. (2017) to model hydraulic
fracturing in cohesive formations based on fracture
mechanics. The extended finite element method (XFEM)
was also adopted to investigate cracks in geo-materials
but may be more suitable for rocks (Yan & Zheng, 2016;
Zhuang et al., 2020). Additionally, the discrete element
method (DEM) has also been used in the simulation of
hydraulic fracturing (Chang & Huang, 2015).

The aforementioned studies highlight the need to pre-
scribe a failure mechanism before calculating fracturing
pressure. This may not be a practical approach especially
in complex geologies where more than one type of failure
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mode may exist. It is perhaps for the same reason that there
is no widely accepted method on the determination of frac-
turing pressure. Furthermore, while many researchers have
proposed various formulas and methods to predict fractur-
ing, a specific combination of factors (mostly three to four)
was considered in each method; this may not be entirely
accurate because fracturing in soils is a complex process
that involves many factors such as soil properties (e.g., con-
solidation ratios, water content, strength parameters, and
permeability), initial stress state and injected fluid parame-
ters (e.g., viscosity, and injecting rate) (Alfaro & Wong,
2001; Andersen et al., 1994; Marchi et al., 2014; Mori &
Tamura, 1987; Yanagisawa & Ali, 1994). These parame-
ters, as well as their interactions altogether, determine the
fracturing pressure and the trigger mechanism of fracturing
in soils.

On the other hand, a data-mining approach offers the
possibility of mapping multiple parameters (Cheng et al.,
2023; Zhang et al., 2020b, 2020c; Zhou et al., 2017), and
can potentially provide a fundamental approach for the
prediction of fracturing initiation in soils. Various artificial
intelligence algorithms have been applied to geotechnical
engineering problems such as in the prediction of geologi-
cal strength (Fang et al., 2021), soil compression coefficient
(Xu et al., 2020), creep index (Zhang et al., 2020a), the sta-
bility of roadways (Zhang et al., 2020b), prediction of some
parameters induced by blast (Bui et al., 2020; Nguyen et al.,
2019a, 2019b; Zhang et al., 2020c) and ground settlements
(Zhou et al., 2017). These investigations can provide a new
sight for the prediction of fracturing pressure in soil. When
studying the problem of fracturing initiation, the fracturing
pressure and its failure mode are generally focused on.
Therefore, in the current study, the XGBoost algorithm
was used to learn complicated and nonlinear relations
among fracturing pressure, failure modes and their influ-
encing factors, which can help people better understand
the fracturing failure behavior of soil. A database consist-
ing of 14 input features and the corresponding fracturing
pressure and failure mode were first collected from past
studies, after which it was used to train and test the
XGBoost-based model. The performance of the model is
compared against several well-established empirical and
analytical methods. Finally, the capability of the proposed
model to predict the fracturing pressure and failure mode
in cohesive soils is applied to a real-life project in which
fracturing grouting was carried out in-situ to strengthen
the soft clay.

2 Methodology

It can be seen from the introduction that there is no
well-established method to determine the fracturing pres-
sure in cohesive soils mainly because the assumed failure
mechanisms by past studies may pre-dispose the analysis
of fracturing pressure to errors especially in complex geolo-
gies. However, this limitation can be overcome with a data-
driven model that can accurately predict fracturing pres-

sure without considering the failure mechanism of soil frac-
turing, and classify the failure mode based on the dataset.
A few common examples aforementioned include artificial
neural network (ANN), back propagation neural network
(BPNN), extreme gradient boosting (XGBoost), and ran-
dom forest (RF). Among these, the XGBoost has been
widely used to solve complex nonlinear relationship map-
ping problems (Zhou et al., 2023, 2021b). Its superiority
has been verified in the prediction of cutterhead torque
during tunnelling (Jin et al., 2020), efficient reliability of
slope stability in earth dam (Wang et al., 2020), and mod-
elling of corrosion in concrete sewers (Zounemat-Kermani
et al., 2020). In this section, a data-mining approach based
on XGBoost for fracturing pressure and failure mode fore-
casting in cohesive soil is introduced.

2.1 Extreme gradient boosting

XGBoost is an integrated learning algorithm that is
derived from the gradient boosting decision tree algorithm
but with higher forecasting accuracy and superior training
speed (Chen & Guestrin, 2016; Wade, 2020; Wang et al.,
2020). XGBoost is herein chosen for the following reasons:
(1) a regularization term is adopted in the loss function to
control the complexity of the model, which is conducive to
hyperparameters tuning; (2) because of the split finding
algorithms, XGBoost is not sensitive to missing features
so that it does not need to handle missing value before
training (Chen & Guestrin, 2016), making it a suitable can-
didate for engineering applications. When a missing value
is encountered, it will be split and added to the node with
the largest split gain among the left and right nodes; (3) a
second-order Taylor expansion of the cost function is used
in XGBoost, which brings higher accuracy to the results
and faster speed of the parallelization speed; (4) the impor-
tance of each feature can be determined internally within
the XGBoost algorithm.

Given an input dataset { X7, X5, - -+, X;} and an output
dataset { Y}, Y5, ---, Y;}, where dataset X is 14-dimensional
and dataset Yis 1-dimensional, the output (Eq. (16)) of the
model can be averaged by a tree ensemble model as shown
in Fig. 1.

j}i:Zlefk(xi)7fk €F, (16)

where F indicates the function space formed by all tree
models, and k is the number of tree models.

In XGBoost, the objective function contains two parts
namely training loss and regularization:

obj(@) =Y L) + Y, 2(f1), (17)

where L is the training loss function that is applied to eval-
uate the difference between the desired and the predicted
value. Generally, the principles of using XGBoost for clas-
sification and regression tasks are not the same. For classi-
fication tasks, XGBoost adopts decision tree structures
similar to classification and regression trees, but its objec-
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Fig. 1. Illustration of the workflow in XGBoost model.

tive function optimizes the log loss and uses the softmax
function for multi-class classification. For regression tasks,
XGBoost’s objective function optimizes the squared loss
(Ding et al.,, 2020; Duan et al.,, 2021; Nguyen et al.,
2019a; Zhou et al., 2021a). Therefore, the training loss
function L herein was squared loss for the regression model
while for a classification model, it corresponds to logistic
loss. © is the regularization term which is an improvement
added to the loss function, measures the complexity of the
model, and prevents overfitting. The gradient boosting
strategy is described as follows: at each iteration of gradi-
ent boosting, the residual will be used to correct the next
predictor so that the loss function can be optimized, as
illustrated in Fig. 1. As such, the predicted value
approaches the actual value constantly.

2.2 K-fold cross-validation

Before training the XGBoost model, its hyper-
parameters are first predetermined to obtain a satisfactory
performance. Generally, grid search method and random
search method are commonly applied for hyper-
parameters tunning. Grid search is the simplest method
which enumerates all possible parameter combinations
and selects the combination that maximizes the objective
function as the final hyperparameter while random search
uses the same method as grid search, but randomly select-
ing a set of parameters for calculation each time. In this
study, both methods have been investigated and little dif-
ference was found between them. Since the dataset was
not very large, grid search was selected in this study. After
tuning by the grid search method, the K-fold cross-

validation was used to assess models for a given hyper-
parameter. The K-fold cross-validation is a commonly used
method in machine learning to assess models for a given
predictive problem and assign values to the hyper-
parameters. It consists of repeatedly using randomly gener-
ated sub-samples for training and testing at the same time,
with each result being tested once (Fushiki, 2011; Li et al.,
2022). According to previous studies (Friedman et al.,
2001), setting k& = 5 is sufficient for training, given the
amount of data in this study. As illustrated in Fig. 2, the
initial sample is divided into 5 sub-samples, among which
4 sub-samples are used for training and one for testing
since each sub-sample needs to be tested once, and it has
to carry out for five iterations and the final estimation is
obtained by averaging the results over the 5 iterations. This
method works well for unbalanced data sets and is appro-
priate for time-independent datasets such as the one used in
this paper.

3 Model establishment
3.1 Analysis of dataset

As mentioned earlier, the prediction of fracturing pres-
sure and failure mode in cohesive soils is a complex prob-
lem in which many factors, such as confining pressure,
mechanical characteristics of the soil and injected material,
are involved. In this paper, the data/features are collected
from published research works (Alfaro & Wong, 2001;
Andersen et al., 1994; Decker & Clemence, 1981;
Ghanbari & Rad, 2015; Kurihara et al., 1988; Mori &
Tamura, 1987, 1990; Panah & Yanagisawa, 1989; Sun &
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Fig. 2. Flowchart of the proposed data-mining approach for predicting fracturing initiation in cohesive soils.

Wang, 2017; Tamura et al., 1993; Yanagisawa & Ali, 1994;
Zhu et al., 2015; Cao, 2006; Liu, 2015; Song, 2013; Zhang
et al., 2016), and consist of those main factors related to
fracturing of cohesive soils. However, it should be noted
that not all the data from every study were collected; for
instance, since the results by Mori and Tamura (1987) indi-
cated that the influence of pre-existing wedge on fracturing
pressure was negligible, the data related to the pre-existing
wedge was not included. In addition, the overconsolidation
ratio, which is one of the main factors investigated by
Andersen et al. (1994), is also not considered in this study

due to the limited amount of data in other past studies.
Hence, the current database only pertains to normally con-
solidated soils, with a total of 416 datasets collected. A
detailed breakdown of the parameters from each study is
shown in Table 2.

The completeness of the collected data is shown in
Fig. 3, where the blank spaces represent missing data not
available in this research. Generally, the presence of incom-
plete datasets will not significantly undermine the training
results of the entire dataset if the percentage of missing
data is small. Otherwise, the missing data can be

Table 2

Summary of the database as collected from past studies on fracturing element tests.

Sample Parameters Failure mode Reference

Cylinder Fa, Py By Wy, WIWp, €, @, Ormin, Tensile Decker and Clemence (1981)
Cylinder Tas Ty By W, WL, Wy, @y @ Opin; O, U Shear Mori and Tamura (1987)
Cylinder Fay s By W, €y ) Oin, U Uncertain Kurihara et al. (1988)
Cylinder Tas Ty By W, W, Wy, €, Q) Omin, Shear Panah and Yanagisawa (1989)
Cube Tas Ty By W, Wi, Wy, €, @, Gimin, Shear Yanagisawa and Ali, (1994)
Cube Tas Ty By WL, Wy Ly @, Gimin, Tensile Andersen et al. (1994)
Cylinder FasFos 1 EL @y, Omin, 0, U Uncertain Mori and Tamura (1990)
Cylinder FasFps M, E, .y, Omin, Ot, U Shear Tamura et al. (1993)
Cylinder Tas Ty By W, Wy, €, 4y @, Omin, 01, U Tensile Alfaro and Wong (2001)
Cylinder Fas Py By W, €, @, 1, O, Oty U Tensile Cao (2006)

Cylinder Fas Ty, € @5 1y Gy Opins Oty U Tensile (Partial) Song (2013)

Cylinder Fay s Wy C, 0, Opmin, U Shear Liu (2015)

Cylinder Fay Py By W, €, @y 1, B Oin s 01, U Tensile (Partial) Ghanbari and Rad (2015)
Cube Tas Ty By W, W, Wy, €, @, Ormin, Shear Zhu et al. (2015)

Cylinder Fay Fos By W, €, @4 1 E ) G i, U Uncertain Zhang et al. (2016)

Cylinder FasFos Byw e, @yt E, 0 i, U Shear Sun and Wang (2017)
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Fig. 4. Boxplot of collected data.

compensated by imputation, or the use of this dataset has
to be reconsidered if the proportion of missing data is too
large. Nevertheless, in the prediction of fracture initiation
in soils, it is almost impossible to find a case with a com-
plete set of parameters because each study is associated
with specific boundary conditions of the problem, and
may have limitations associated with the site/test condi-
tions. Therefore, it is also advantageous to use the
XGBoost model because it can handle missing data.

The numerical ranges of each indicator data collected in
Table 1 were illustrated through boxplot in Fig. 4, which
contains the median, upper and lower quartiles and outliers
of the data. Due to the small number of specimens under
high strength and high stress conditions, some data on
cohesion, tension and pressure are displayed as outliers.
Generally, the correlation between the indicators can be
illustrated through scatter plot matrices. Since most of

the 14 input parameters are independent characteristic
parameters of the soil, indicating little significance in ana-
lyzing the scatter distribution between each indicator.
Therefore, only the correlations between the input param-
eters and the fracturing pressure were focused on in this
study as illustrated in Fig. 5.

As can be seen in Fig. 5, the distribution of the collected
dataset is quite wide and unsymmetric, indicating a good
quality of dataset. Besides, in terms of fracturing pressure
against minimum principal stress, the datapoints corre-
sponding to tensile failure mode are obviously more con-
centrated in the low minimum principal stress area. This
is consistent with Ghanbari and Rad (2015) who reported
that the failure mechanism transitions from tension to
shear mode with increasing confining pressure, which fur-
ther suggests that clustering in the scatter diagram is able
to reflect the distribution of failure modes. In this case, a
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more significant effect on the failure mode would result in a N XY, — DX . (18)
b

more defined clustering in the scatter diagram. A similar
trend can be observed for water content which also reflects
the distribution of failure modes, albeit to a lesser extent.
The influence of water content is further elaborated in
the results section.

Similarly, only the correlations between the fracturing
pressure and each input parameter were investigated. The
correlations are herein evaluated through the Pearson cor-
relation coefficient (Eq. (18)), which is an effective index to
evaluate the strength of correlation between variables; it
ranges from +1 to —1, where +1 indicates a perfect positive
relationship, —1 indicates a perfect negative relationship,
and 0 implies no relationship between the two variables.

i - (S - (o

where x; and y; are the features, and » is the number of
samples. As Fig. 4 shows, the minimum principal stress
0min has the strongest correlation with fracturing pressure,
which is consistent with previous studies.

The calculated coefficient values between each factor
and fracturing pressure are demonstrated in Fig. 6. It’s
observed that the minimum principal stress has the stron-
gest correlation with fracturing pressure which harmonizes
with previous studies. Besides, the mechanical parameters
of soil namely elastic modulus E, tensile strength o, and
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Fig. 6. Correlation diagram of the 14 input features with fracturing pressure.
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unconfined compressive strength ¢, also have a strong cor-
relation. Parameters related to the pore water namely w,
wp, and wj, which are usually not considered in conven-
tional methods, have a low degree of correlation with frac-
turing pressure. Finally, there is generally a moderate
correlation between the specimen size (in particular the
internal and external radius) and fracturing pressure.

3.2 Dataset pre-processing

An extensive dataset of 416 samples was collected to
develop the XGBoost-based model. Among them, 284 sets
of data have a known failure mode which was labeled with
“0” and “1” for tensile failure and shear failure respec-
tively. In addition, the dataset is normalized to the range
of [0, 1]according to Eq. (19). This is conducive to the con-
vergence of the artificial intelligent model as it helps speed
up the training process when all data values are at the same
level. Otherwise, a feature may dominate the objective
function if its variance is much larger than the others.

X, = X — Xmin ’ (19)
Xmax — Xmin

where x, is the normalized eigenvalue, x is the original

value of the feature, and x.;,, Xmax are the minimum and

maximum values of the feature respectively.

3.3 Model framework

Based on the collected dataset, the first step is to carry
out the dataset pre-processing as mentioned above. It
should be noted that the division of the training dataset
is different between the datasets for regression and classifi-
cation due to the incompleteness of the collected dataset. In
this study, 416 samples were collected, but among them,
only 284 sets of data have a known failure mode which
means 416 samples were used for regression and 284 sam-
ples were used for classification. Generally, it is necessary
to randomly split the whole dataset into a training set (used
to build regressors/classifiers) and a testing set (to verify
their predictive performance) and the most commonly used
ratios in previous studies are 80/20 and 70/30. In this study,
following Luo et al. (2020), the dataset was randomly
divided into a training set (70%) and a testing set (30%)
that 70% of the dataset was used for training, which
includes 292 sets for regression and 199 sets for classifica-
tion. The remaining 30% was used for testing, consisting
of 125 for regression and 85 for classification.

Additionally, the grid search method was applied to deal
with the hyperparameter tuning and 5-fold cross-validation
method was then applied to validate and obtain the opti-
mum XGBoost regressor and classifier for fracturing pres-
sure prediction and failure mode prediction respectively.
After that, the performance of the optimized regression
models was evaluated by statistical indices such as the root
mean square error (RMSE), coefficient of determination
(R?), adjusted R*, mean absolute error (MAE), and mean
square error (MSE), while the optimized classification
models were evaluated by the accuracy, receiver operating
characteristic (ROC), and area under the curve (AUC) and
Kappa. The final step was to obtain the importance of each
feature. The workflow of the proposed model is summa-
rized in Fig. 2.

4 Results and discussions

There are three types of parameters in XGBoost model
namely general, booster and learning task parameters.
Based on trial and error, a good model performance was
obtained when most of the hyperparameters of the
XGBoost model are set to default values except for param-
eters “min_child_weight” and “max_depth”. The latter
have a great influence on the output results, and can be
used to reduce overfitting. The optimum set of hyperpa-
rameters for the regression and classification models was
determined through the 5-fold cross-validation method
and summarised in Table 3.

4.1 Performance of the XGBoost model

4.1.1 Prediction of fracturing pressure — regression model

The modelled and actual values of fracturing pressure
are shown in Fig. 7(a) and (b) for the training set and the
test set respectively. In general, most of the datapoints lie
quite close to the line of equality, indicating a small error
in the predicted results. In order to quantitatively evaluate
the model, the statistical indices MAE, MSE, RMSE, R,
and adjusted R®> were calculated; the smaller the errors
and the larger the coefficients of determination, the better
the predictive performance of the model. It should be noted
that the evaluation values in Table 4 were calculated by the
values of the fracturing pressure before normalization
which may cause large values of evaluation indicators. As
shown in Table 4, the XGBoost regressor has high predic-
tion accuracy, and the performance of the training set is
better than that of the test set, as expected.

Table 3
Hyperparameters of the XGBoost model.

n_estimator min_child_weight max_depth subsample seed
Regressor 100* 2 10 I* 100*
Classifier 100* 1 8 1* 100*

Note: * indicates default values.
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Table 4
Quantitative evaluation of the XGBoost regressor.

MAE MSE RMSE R? Adjusted R?

n n 2 n 2 Z”, (y, *}'1)2 (I*Rz)(”*l)

1 1 1 i
Formula 52 ie] |y,- - yfp| 52 iel (;Vi - yip) 5 2iel (J’i - yip) 1- m ==
Training set 7.45 127.68 11.3 0.9934 0.9931
Testing set 16.30 708.89 26.62 0.9625 0.9606

Note: y; is the original value, y;;, is the predictive value, 7 is the number of samples, and k is the number of features.
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Fig. 8. Performance of different models for fracturing pressure prediction.

The results obtained by XGBoost are also compared
with widely-adopted empirical and analytical methods.
As shown in Fig. 8, while results modelled by XGBoost
(grey circles) are closely banded around the line of equality
and mostly fall within £10% of the actual values, the
results obtained by other methods exhibit significant scat-
ter. In particular, the methods by Andersen et al. (1994),
Jaworski et al. (1981) and Mori and Tamura (1987) seem
to underpredict the fracturing pressure at higher values.
This is readily explained by the fact that these methods
do not consider shear strength parameters in their failure

mechanism. As noted by Ghanbari and Rad (2015), the
failure mechanism changes from tension to shear mode
with an increase in the minimum principal stress.

The performance of each method is further evaluated
using RMSE and compared with the XGBoost model pre-
diction. As shown in Fig. 9, the number of samples for each
comparison is different because each method has its own
set of input parameters, which may not be available in all
datasets. Consequently, the number of samples corre-
sponds to datasets that could provide a complete set of
parameters for that particular method, and RMSE could
then be calculated. The comparison with empirical and
analytical models indicates that the XGBoost regressor
can predict the fracturing pressure with a significantly
higher accuracy, as shown by a reduction of at least 50%
in the RMSE that the XGBoost model decreased by 68%,
53.5%, 87.9%, 68%, 71.5%, and 68% from left to right,
respectively.

4.1.2 Prediction of failure mode — classification model

The collected dataset was divided into three patterns to
illustrate the complete fracturing pressure data, as shown
in Fig. 5. Because the third type “‘uncertain” was the data-
set that was not given in the failure mode, only two types of
datasets, shear and tensile, were used for classification
model training. For classification model, Accuracy and
Kappa as well as the ROC curve and AUC value are gen-
erally good tools to evaluate the performance (Wang et al.,
2020). For the classification of failure mode, which is a bin-
ary classification problem, the predictive performance can
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Table 5
Confusion matrices for failure model prediction.
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Fig. 10. Performance of the XGBoost model in classifying the failure
mode.

be visualized by the confusion matrices in Table 5, in which
all forecast conditions are listed.

Accuracy measures the proportion of correct predic-
tions, which is defined as follows (Qiu & Zhou, 2023;
Zhou et al., 2022):

T,+ T,
To+Th+Fp+Fy

Accuracy = (20)

The proposed model has accuracy values of 0.979 and
0.921 on training and testing dataset. However, accuracy
has an obvious drawback that when the categories of data
are unbalanced, especially when there is extremely biased
data, the evaluation index of accuracy cannot objectively
evaluate the quality of the algorithm. Therefore, the
ROC curve which is not affected by sample imbalance
was used for further evaluation. It is a two-dimensional
graph that describes the relationship between the true pos-
itive rate (TPR), and the false positive rate (FPR), which
are defined as follows:

TPR =L, (1)
P n
F
P n

The AUC value is calculated from the area covered by
the ROC curve; a large AUC value (the closer the curve
is to the upper left corner) indicates a better performance
of the classifier. As Fig. 10 shows, the XGBoost classifier
predicts well the classification of the test data.

Additionally, Kappa measures the agreement between
actual and predicted values beyond chance, which ranges
from —1 to 1 and is defined as follows (Qiu & Zhou,
2023; Zhou et al., 2022):

Kappa = IM, (23)
1 — Pe

where p, represents the proportion of units that are

observed to be accurate or consistent, and p, represents

the proportion of units that are consistent by chance or

expected to be consistent by chance.

The proposed model has Kappa values of 0.7659 and
0.6845 on training and testing dataset, indicating high con-
sistency of the proposed model.
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4.2 Importance analysis

In general, gradient boosting algorithms contain five
common indices to evaluate the importance of a given fea-
ture namely “weight”, “gain”, “cover”, “total_gain”, and
“total_cover”. Following Wade (2020), the first one was
applied in this study. In logistic models, each feature corre-
sponds to a model parameter w;, and the larger the param-
eter, the greater the impact of the feature on the model’s
prediction results and the more important it is. We can
use the ‘feature_importances’ attribute to access the impor-
tance of each feature after training an XGBoost model. As
shown in Fig. 11, the importance of minimum principal
stress is 0.333 out of 1, indicating that fracturing pressure
is the most sensitive to minimum principal stress, which
agrees with findings from previous studies (Chang &
Huang, 2015; Mori & Tamura, 1987). The second and third
most important features are the internal friction angle and
elastic modulus (importance score of 0.101 and 0.092
respectively), which are also among the most commonly
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considered factors in previous studies (Panah &
Yanagisawa, 1989; Vesic, 1972; Yanagisawa & Ali, 1994).
Moreover, while the water content has a relatively low
importance score of 0.032, Murdoch (1993) reported that
this factor is one of the differences between fracturing in
soil and in rock; this is because while water can infiltrate
into the fracture tip and prevent penetration of the injected
fluid in soils, it cannot do so in rocks. Although the factors
that are associated with the effect of water on the mechan-
ical properties of soil (water content, liquid limit, and plas-
tic limit) are not readily considered in empirical and
analytical methods, the importance analysis suggests that
these features may have some influence on the prediction
of fracturing pressure in the XGBoost model, and thus can-
not be ignored.

The relative importance of input features in the classifier
model is shown in Fig. 12. It appears that the five factors
have no contributions to the classification prediction of
failure mechanism, viz. external radius, liquid limit, plastic
limit, unconfined compressive strength, and the viscosity of

Viscosity
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Elastic modulus
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Fig. 11. Relative importance of each input feature in the regression modelling of fracturing pressure.
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Fig. 12. Relative importance of each input feature in the classification modelling of failure mode.
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the injection liquid. On the contrary, it is not surprising
that the tensile strength, and shear strength—represented
by the friction angle and cohesion—have a significant influ-
ence on the classification of the failure mechanism because
they are both strength parameters. Interestingly, the water
content seems to be an important factor as the tensile
strength, as shown by their comparable importance value;
this is also in agreement with the clear and less ‘chaotic’
clustering exhibited by the water content scatter plot in
Fig. 5. The latter also shows that soils fractured at higher
water content mostly undergo a shear failure, while a ten-
sile failure is primarily observed in the lower water content
regime. This may be attributed to matric suction—a critical
factor to initiate cracks in clayey soils—which gradually
decreases with the increase in water content and eventually
tends to be 0 (Jiang et al., 2014). Both the tensile and shear
strength are affected by the variation of matric suction
(Vanapalli et al., 1996). Finally, the influence of the mini-
mum principal stress is very limited as compared to its
effect on the fracturing pressure prediction. It can thus be
inferred that the failure mode is more vulnerable to the
intrinsic characteristics of soil while the fracturing pressure
is more vulnerable to the surrounding stress conditions.

4.3 Discussion

There are various formulas for predicting fracturing
pressure under different failure modes as illustrated in
Table 1. The pattern of fracture was not discussed because
it was mainly used in rocks and less in soil fracturing fail-
ure. Although only shear and tensile failure modes remain,
the failure modes still need to be determined in advance to
determine the pressure prediction formula. From the above
analysis, it can be seen that the proposed method is supe-
rior to conventional methods not only in prediction accu-
racy of fracturing pressure but also is more conducive to
practical applications since it effectively removes the ambi-
guity of guessing the failure mode in advance.

However, the choice of hyper-parameters is paramount
to the predictive accuracy of such machine learning algo-
rithms. Besides, the predictive performance of models also
depends significantly on the dataset involved. In this study,
the proposed XGBoost model was tuned on a dataset that
mainly consists of cohesive soils. Past studies have shown
that fracturing can also occur in cohesionless soils under
high confining stresses (Bezuijen & Tol, 2007; Yuan
et al., 2017). As such, the training data is being extended
to include different kinds of soil as well as data in the high
confining pressure regime. This would facilitate the appli-
cation of the proposed model and improve the accuracy
of predictions. The proposed approach remains nonethe-
less a user-friendly tool for practitioners to calculate the
fracturing pressure as it does not need to specify the failure
mode before calculating the pressure. Moreover, the
XGBoost model does not require a complete set of input
parameters to give a reasonable prediction of fracture pres-
sure while other empirical/analytical models cannot pro-

vide any prediction if some input parameters are not
available.

Additionally, from the importance analysis, it can be
inferred that the intrinsic characteristics of the soil govern
the failure mode while the fracturing pressure is more sen-
sitive to the stress state. Compared with rocks, the strength
of clay itself is much smaller causing the pressure when its
fracturing is dominated by the in-situ stress. The essence of
failure mode is the behavior of soil with different character-
istics under the action of external forces. Although it was
found that as the confining pressure increases, the failure
mechanism changes from the tensile mode to the shear
mode as shown in Fig. 5. The essence is that some of the
properties of soil such as water content, and internal fric-
tion angle will be affected under different in-situ stresses,
so the failure mode is mainly dominated by the intrinsic
characteristics of the soil.

5 Comparison with other machine learning algorithms

To further illustrate the advantages of this model, com-
parison with other machine learning models is carried out
in this section. In previous studies, the performance of
the XGBoost model has been compared with more estab-
lished algorithms such as ANN, support vector machine
(SVM) and RF (Zhang et al., 2021; Zounemat-Kermani
et al., 2020). Since RF, SVM and ANN can solve both clas-
sification and regression problems, these models were
selected for comparative investigations.

5.1 Missing data dealing-KNN

In general, if the proportion of missing data is small rel-
ative to the total number of data, the simplest approach is
to omit them. However, this approach is not applicable in
predicting fracturing pressure since the total amount of
data is limited and sets of complete data even more so, as
shown in Fig. 3. This is one of the most important reasons
for choosing XGBoost since it is not sensitive to missing
features, and it has the advantage of processing missing
data without imputation before training the model.

However, as compared to the XGBoost model which
can directly deal with missing data, other models require
an extra step to impute the missing data during pre-
processing stage. As reported by Zhang (2012), the K-
nearest neighbour algorithm is an efficient method for deal-
ing with missing data and can find the ‘nearest neighbours’
that are similar to the current data. The correlation of data
is applied in various dimensions to fill missing data and
correct outlier values. In the current study, KNN is used
to complement the missing parameters, of which the
parameter K is the number of neighbours of interest, usu-
ally subjected to the choice of users. Parameter K is gener-
ally selected in the range of 5-20 (Meesad &
Hengpraprohm, 2008; Zhang, 2012). A value 8 was found
adequate in the current study by several trial-and-error
runs, and lies within the recommended range.
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5.2 Random forest

Random forest is an idea of ensemble learning, which
uses data obtained through random sampling, inputs many
weak learners (decision trees), and votes to finally obtain
the final output result. Compared with XGBoost, they
are both based on ensemble learning except that RF uses
bagging while XGBoost uses boosting (Zhang et al.,
2021). Both models consist of multiple trees and the final
results are determined by multiple trees together
(Zounemat-Kermani et al., 2020). Similar to XGBoost,
the set of hyper-parameters of the RF model (shown in
Table 6) were also tuned by the grid search method and
use the 5-fold cross-validation method for evaluation
(Luo et al., 2021).

5.3 Support vector machine

SVM is a commonly used supervised learning algorithm
that is widely used in classification and regression tasks.
The core idea of SVM is to map samples from high-
dimensional feature space to a low-dimensional space and
construct classification boundaries in this space. The set
of hyper-parameters of the SVM model was also tuned
by the grid search method and evaluated by the 5-fold
cross-validation method, as shown in Table 7.

5.4 Artificial neural network
ANN is a supervised learning algorithm that attempts to

build a mathematical model by simulating the complex
information processing mechanism of the human brain

Table 6
Hyperparameters of the RF model.

nervous system. The most commonly used ANN model is
artificial multilayer perceptron neural network (MLP neu-
ral net). A general MLP neural net is a neural network with
n layers (n > 2). The general architecture of an MLP
includes three parts: input layer, hidden layer, and output
layer. Similar to XGBoost, the set of hyper-parameters of
the ANN model was determined by the grid search method
and validated by the 5-fold cross-validation method as
shown in Table 8.

5.5 Comparison results

All these models were tuned by the grid search and eval-
uated by the 5-fold cross-validation method. As Fig. 13
shows, RF, SVM and ANN have shown a reasonable per-
formance on the training and testing set but they are not as
good as the XGBoost model. The reason may be that on
one hand, these models are indeed not more suitable than
XGBoost, and on the other hand, it appears that the
imputed data is not as good as the incomplete data. It is
highly likely that the imputed training set poorly represents
the actual sample space, not only increasing the training
steps but also adding to the complexity of tuning
hyperparameters.

Additionally, the RF model has an excellent perfor-
mance on the training set but is less satisfactory on the test
set, in particular at high fracturing pressure. This phe-
nomenon is not so obvious in the SVM model and ANN
model. But their prediction performance is significantly
worse than that of RF model indicating that models
(XGBoost, and RF) based on decision tree are more suit-
able for predicting fracturing initiation.

n_estimator max_features max_depth min_samples_leaf min_samples_split
Regressor 1 000 6 15 1* 2%
Classifier 800 8 12 1* 2%
Note: * indicates default values.
Table 7
Hyperparameters of the SVM model.

kernel C gamma random_state tol

Regressor Liner 150 default values 2 0.0001*
Classifier rbf 120 0.1 2 0.0001*

Note: * indicates default values, and default gamma = 1/n_features; C is a hyper parameter that controls the regularization strength.

Table 8
Hyperparameters of the ANN model.

Activation Alpha hidden_layer_sizes Random_state learning_rate
Regressor Relu 0.01 128, 128 2 constant®
Classifier Sigmoid 0.01 64, 64 10 constant*

Note: * indicates default values.
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Fig. 13. Performance of the comparative model in predicting the fracturing pressure. (a) RF model, (b) SVM model, and (c) ANN model.

The network performance evaluation indices of these
models on the training set and test set are listed in Table 9.
As reflected by the significantly higher errors of the test set
compared to the training set, the probability of overfitting
in the RF model seems to be high. Besides, significantly
more errors were found in SVM and ANN than in RF.
It should be noted that the evaluation values in Table 4
were calculated by the values of the fracturing pressure
before normalization. Larger values are more conducive

to seeing the difference in predictive performance between
models.

The prediction results of the XGBoost model and other
machine learning models are further compared in terms of
the indices R* and AUC. As Fig. 14 shows, both XGBoost
model and RF model perform equally well on the training
set, while for the testing set, the XGBoost model performs
significantly better than the RF model. Furthermore, the
overall prediction performance of XGBoost and RF mod-
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Table 9
Quantitative evaluation of the RF regressor.
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Model MAE MSE RMSE R Adjusted R?
XGBoost Training set 7.45 127.68 11.30 0.9934 0.9931
Testing set 16.30 708.89 26.62 0.9625 0.9606
RF Training set 6.98 173.72 13.18 0.9908 0.9906
Testing set 73.84 886.85 29.78 0.7822 0.7684
SVM Training set 29.08 2595.61 50.95 0.7963 0.7897
Testing set 29.00 2928.75 54.12 0.7458 0.7418
ANN Training set 26.77 1636.61 40.45 0.8260 0.8214
Testing set 30.54 1851.40 43.03 0.8138 0.8116

B Tosting et Fig. 15. The_ testipg pla‘.[form is 2 m long, 1.5 m wide,

. Bl Training set Zs and 2.2 m high, divided into three parts from top to bot-

Regression Classification tom: axial pressure reaction frame, pressure chamber base,

XGBoostRF  SVM ANN

XGBoostRF  SVM ANN

Fig. 14. Comparison between XGBoost and other machine learning
models in regression and classification.

els are better than SVM and ANN. However, the XGBoost
model is easier to operate because it inherently handles
incompleteness in the dataset; this characteristic alone pre-
sents an immense advantage over other data-driven models
in the prediction of fracturing pressure and failure modes.

6 Validation with large-scale triaxial fracturing laboratory

The previous triaxial fracturing tests were all small-scale
samples, mostly the size of the standard triaxial test. To
verify the generalization ability of the proposed model
(generalization refers to data-driven model’s ability to
adapt properly to new, previously unseen data), large-
scale triaxial fracturing tests were carried out. Besides, as
the fracturing pressure in the collected dataset was rela-
tively small, higher strength parameters of the sample or
confining pressure were used in the large-scale test to
obtain higher fracturing pressure.

6.1 Description of apparatus

The large triaxial fracturing apparatus consists of a test-
ing platform, a pressure chamber, a grouting system, a con-
fining pressure system, an axial pressure system, a control
system, and some supporting equipment, as shown in

and platform base. The cylindrical pressure chamber is the
core part of the entire equipment, with a diameter of 1.2 m
and a height of 1 m. The pressure chamber is divided into a
pressure-bearing chamber and a bottom plate. The side
wall of the pressure-bearing chamber is made of transpar-
ent plastic glass, which allows observation of the sample
state inside the chamber. A sample table is located in the
center of the bottom plate, where samples can be prepared
using sampling tools which were described in detail subse-
quently. The sample is sealed with a transparent rubber
film, and water is injected into the cavity of the pressure
chamber through a water injection hole in the bottom
plate, while confining pressure is applied externally through
the confining pressure system. An overflow valve is con-
nected to the top of the confining pressure chamber, which
releases pressure when the pressure exceeds the preset
value, and automatically closes when the pressure returns
to the set value, thus ensuring that the confining pressure
remains stable. To maintain the stability of the confining
pressure chamber, an accumulator is used in the confining
pressure loading system. The accumulator is a cylindrical
container that contains a small amount of water in the
lower part and gas in the upper part, thereby reducing
the pressure changes caused by the volume changes of the
specimen. The sample table has a hole for injection, and
the slurry was injected into the sample through the external
grouting system until the sample was fractured. The injec-
tion rate of slurry can be adjusted by the control system,
which also measures the injected amount and pressure.
The sample was directly cast on the base of the pressure
chamber and the specimen mold used was a double-cavity
mold made of Alex material. The mold was held by a hoop
on the outside. The center of the base was a hollow
stainless-steel tube that could be raised and lowered by a
cylinder at the bottom. The middle tube is both a mold
for blind holes and an injection pipe for blind holes. A
check valve was set at the top of the tube to prevent clay
slurry from entering the tube and blocking it during clay
consolidation. Before making the specimen, the tube was
raised to a specified height, and then the prepared clay
slurry was poured into the mold. After the clay is consoli-
dated, the tube was lowered a certain distance, thus form-
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ing a blind hole in the middle of the specimen. Due to the
possible gap between the tube and the specimen caused by
the up-and-down movement of the tube, slurry leakage was
likely to occur along the tube wall during slurry injection.
Therefore, a sealing device was designed to seal between
the specimen and the slurry injection pipe. The device
was a thin-walled sleeve, which was fitted to the lower part
of the middle tube and had a sealing ring on the inside to
achieve sealing between the sleeve and the tube. The out-
side of the sleeve was roughened, so that it can be adhered
to the specimen, and the adhesion surface was not damaged
when the tube was lowered, thus achieving sealing between
the specimen and the slurry injection pipe and preventing
slurry leaking from the bottom, as shown in Fig. 16. In
addition, since it was a large-scale device, the internal space
of the slurry injection pipe was not so small that the volume
can be ignored. Therefore, there would be a certain amount
of air in the pipe before slurry injection, which would cause
pneumatic fracturing. Therefore, a device for venting the
pipe was designed, which was a long and thin tube. The
upper part of the tube extended into the top of the slurry
injection pipe, and the bottom was connected to the bot-
tom of the slurry injection pipe and had a screw nut at
the end. There was also an inlet hole for slurry injection
at the bottom of the slurry injection pipe, as shown in
Fig. 17. Before injecting slurry into the tube, the nut of
the thin tube was first unscrewed, and then slurry was
injected into the tube from the bottom slurry injection hole.
The slurry filled the tube from bottom to top, and the air in
the upper part of the pipe was vented out through the thin

Grouting system

tube until slurry flowed out from the thin tube. At this
point, the slurry injection pipe was fulfilled with slurry,
and then the nut of the thin tube was tightened to continue
slurry injection until the specimen was destroyed.

6.2 Material properties

The pouring method was adopted and soil sample was
formed by mixing kaolin, gypsum, bentonite and water,
and the ratio is 593:870:204:1000. The main components
of slurry are water, bentonite, and carboxymethyl cellulose,
and different viscosities which was measured via a Markov
funnel can be obtained by adjusting the ratio of the three.
The parameters of the laboratory cases are shown in
Table 10.

6.3 Test procedure

(1) Sample preparation. The sample was directly pre-
pared on the base of the pressure chamber using the spec-
imen mold and materials mentioned above. After
consolidation, the mold was removed, and a cover plate
was placed on top of the specimen. Subsequently, a rubber
membrane was placed over the specimen, and clamped by
hose clamps at the upper and lower ends to the outer edge
of the cover plate and the base, respectively. Additionally,
mix the slurry and dye it red.

(2) Assemble and install. After the sample getting pre-
pared, assemble the sealing ring between the chamber
and the base, and the acrylic casing that encloses the con-

Testing bench

Confining pressure system

Fig. 15. Large-scale triaxial fracturing apparatus.



296 W. Luo et al. | Underground Space 19 (2024) 279-300

Specimen

| __ Check valve
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Fig. 16. Schematic diagram of specimen and seal of grouting pipe.

fining pressure chamber. Then connect the confining pres-
sure loading system where a nitrogen cylinder was applied
to support the confining pressure. The nitrogen pressure
can be controlled using a pressure-reducing valve attached
to the cylinder. After that, connect the axial load which is
applied using a hydraulic cylinder, where a tension—com-
pression sensor is attached to the axial load rod to record
the axial load value in real-time.

(3) Pressure balance. Fill the confining pressure chamber
with water and close the water inlet. Then inject the pre-
pared slurry into the sample through the grouting pump.
Control the nitrogen pressure and grouting pump to get
the confining pressure and grouting pressure of the speci-
men balanced. Besides, control cylinder pressure to get
the axial pressure be slightly greater than the confining
pressure.

(4) Slurry fracturing. In order to ensure the stability of
the slurry pressure, an accumulator is also connected to
the outlet pipe of the grout pump, and a hydraulic sensor
is installed on the grout pipe to monitor the grout pressure
in real time. Finally, pressurize step by step until the slurry
fracturing occurred in the specimen.

) ) Check valve
Grouting pipe
- Exhaust tube
7
Inlet tube
Screw nut
Exhaust vent

Fig. 17. Schematic diagram of exhausting for grouting pipe.

6.4 Comparative analysis

The typical failure pattern of the sample is shown in
Fig. 18 where dyed red is the fracturing crack. The slurry
fractured from the top of the blind hole obliquely upward
at about 45°.

According to the summary of previous studies, the effect
of viscosity of slurry was rarely considered in calculation of
fracturing initiation pressure, and Eq. (4) was the only one
proposed by Mori and Tamura (1990). However, it was
proposed for the through-hole cases which seem not avail-
able for the blind-hole cases herein. Therefore, based on
Eq. (3) proposed by Mori, a new empirical formula for
the blind-hole cases considering viscosity of slurry was pro-
posed as follows (Wang et al., 2021):

Py =0, + (—14e735 + 1.2)q,. (24)

The comparison of predicted values using fitted formula
and the proposed data-driven model are shown in Fig. 19.
The data-driven values are basically in agreement with lab-
oratory results which indicate great generalization ability
of the proposed model. Additionally, data-driven values
are closer to the diagonal than fitted values, which means
that the proposed model has higher prediction accuracy.

7 Validation with in-situ case

The fracturing phenomenon of soil often occurs in many
practical engineering and it can be both beneficial and
harmful. On the positive side, fracturing is widely used as
a technique in petroleum engineering as well as an effective
way for the site investigations of most large-scale geotech-
nical projects (Gottardi et al., 2009). Besides, it is also the
primary concern on the effectiveness of fracturing grouting
(Bezuijen & Tol, 2007; Soga et al., 2005) and deep mixing
column installation (Shen et al., 2013). On the negative
side, hydraulic fracture failure of earth dam (Ghanbari &
Rad, 2015) as well as slurry fracturing during shield tunnel-
ing (Yuan et al., 2017) may be encountered, which may
cause catastrophic results. In this section, field data from
in-situ case was also used to verify the performance and
applicability of the proposed data mining model in actual
engineering.

7.1 Description of project

The case study is an in-situ application of soil fracture
grouting, conducted under the Frari Bell Tower in Venice
to improve the mechanical properties of soft silty clay
(Gottardi et al., 2009). The tower was built during the four-
teenth century with a height of 65 m and a width of 9.5 m.
Its foundation has been strengthened in 1904 to arrest the
rotational movement of the tower toward the basilica.
Increasing differential settlement between the tower and
the adjacent basilica had developed during the reconstruc-
tion of the latter. Consequently, to ensure the integrity of
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Table 10

Parameters of the large-scale laboratory case.

7y (m) ry (m) H (m) q, (kPa) o, (kPa) c (kPa) % U v (s) Omin (kPa)
0.025 0.3 0.5 700 156.2 325 12 0.6 15 660

0.025 0.3 0.5 700 156.2 325 12 0.6 15 570

0.025 0.3 0.5 700 156.2 325 12 0.6 15 0

0.025 0.3 0.5 700 156.2 325 12 0.6 21 0

0.025 0.3 0.5 700 156.2 325 12 0.6 27 0

Fig. 18. Typical failure pattern of the sample.

these historical structures, soil stabilization works in the
form of soil fracturing was commissioned to strengthen
the surrounding soil and reduce the differential settlement.
Tube a Manchette (TAM) grouting was applied by 12 m-
long sleeve pipes around the perimeter of the bell tower
as shown in Fig. 20, which also illustrated the geotechnical
characteristics of the selected area including soil unit
weight, water content, liquid and plastic limits, tip resis-
tance, and pore pressure profiles from piezocone tests as
well as undrained shear strength of the shallow soft silty
clay deduced from laboratory and in-situ tests.

900 -
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Fig. 19. Comparison of fracturing pressure between laboratory values and
data-driven values.

Several injection cycles were conducted during the inter-
vention. To ensure that the fracturing pressure data was
not influenced by prior fracture grouting works, the
selected data for validation was thus taken during the first
injection cycle where the soil is in an undisturbed state.
More specifically, the measured injection pressure in the
normally consolidated silty clay (a depth of 3.5 to 6.5 m)
was used. The values of geotechnical parameters obtained
from piezocone tests, and undrained shear strength of the
shallow soft silty clay from laboratory and in-situ tests
are listed in Table 11, where the geotechnical input features
used for validating the XGBoost model are summarized.
Additionally, the initial confining pressures prior to grout
injection were estimated using a three-dimensional linear
elastic finite element (FE) model as detailed in Marchi
et al. (2014).

7.2 Comparative analysis

Figure 21 presents the variation of fracturing pressure
with depth as modelled by XGBoost, against measured
field values and results from other models. The latter were
obtained from Marchi et al. (2014) and included the models
of Soga et al. (2005) and Panah and Yanagisawa (1989) for
shear failure as well as Mitchell and Soga (2005) for tensile
failure. As shown, the results obtained by XGBoost are
sensibly closer to the measured values in particular along
the first few meters. However, the accuracy of the
XGBoost-based model slightly lags behind the other mod-
els after 5 m depth. This can perhaps be attributed to the
lack of training data at high confining pressure, as shown
in Fig. 5. Nevertheless, all other models underpredict the
fracturing pressure while XGBoost gives an overprediction
of 4.2%-20.2%. As Table 12 shows, the XGBoost model
clearly outperforms other prediction methods as it returns
the lowest root mean square error. In terms of the failure
mode, previous studies (Liu & Yuan, 2014; Marchi et al.,
2014) suggest that the observed fractures at that site were
likely to be initiated by shear failure of the clay, which is
consistent with the result predicted by the XGBoost model.

8 Conclusions

This study has demonstrated that a data-mining
approach based on the XGBoost algorithm can provide
new insights for analyzing fracturing in cohesive soils. 14
input parameters were considered simultaneously to con-
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Fig. 20. Schematic section of the tower foundation and relevant subsoil (Marchi et al., 2014).

Table 11
Geotechnical input parameters of the silty clay layer.
Depth (m) w (%) wy (%) wp (%) E (kPa) n C (kPa) g, (kPa) Omin (kPa) v (Pa-s)
3.5 58 100 33.0 7 000 0.5 40.0 0 40.0 0.015
4.0 44 58 24.0 7 000 0.5 42.5 0 52.5 0.015
4.5 32 40 21.0 7 000 0.5 45.0 0 60.0 0.015
5.0 34 48 20.0 7 000 0.5 47.5 0 71.0 0.015
5.5 33 50 21.5 7 000 0.5 52.5 0 112.0 0.015
6.0 28 40 23.5 7 000 0.5 57.5 0 127.5 0.015
6.5 28 45 24.0 7 000 0.5 60.0 0 135.6 0.015
Fracturing pressure (kPa) Table 12
20 0 50 100 150 200 250 300 350 Comparison in performance of prediction models.
’ ot XGBoost Soga Mitchell Panah
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Fig. 21. Comparison of fracturing pressure between measured values and
predicted values by different models.

struct a regression and a classification model for predicting
fracturing pressure and the corresponding failure mode
respectively. The results showed that the failure mode is
more sensitive to the intrinsic characteristics of the soil
while the fracturing pressure is more readily influenced
by the surrounding stress conditions. Through the compar-

than conventional methods and machine learning methods.
Furthermore, it is also a user-friendly tool for practitioners
to calculate the fracturing pressure as it effectively removes
the ambiguity of guessing the failure mode in advance and
can handle any incomplete data. In addition, several large-
scale triaxial fracturing tests and an in-situ case study were
carried out to verify the generalization ability and applica-
bility of the proposed model. However, the proposed
model is mainly suitable for cohesive soils under low
ground stress conditions at present. In the future, the train-
ing data is being extended to include different kinds of soil
as well as data in the high confining pressure regime. This
would facilitate the application of the proposed model and
improve the accuracy of predictions.

Data availability
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available from the corresponding author upon reasonable
request.
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