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Abstract: To reduce the computational cost and improve the accuracy in predicting failure envelopes of
caisson foundations, this study proposes an intelligent method using random forest (RF) based on data
extended from experiments and calibrated numerical simulations. Two databases are built from the
numerical results by coupled Lagrangian finite element method and smoothed particle hydrodynamics
with a critical state based simple sand model (CLSPH-SIMSAND). The first database involves the failure
envelopes of caisson foundations with various specifications for a given sand, and the second database
includes two additional failure envelopes of caisson foundations in other granular soils. The relationship
between the characteristic measures of failure envelope and sand properties as well as the specification of
caisson foundation is trained by RF using the prepared databases. The results indicate the RF based model
is able to accurately learn the failure mechanism of caisson foundation from the raw data. Once a RF
based model that can accurately reproduce the failure envelopes of caisson foundations in a given sand is
developed, it can be easily modified to predict the failure envelopes of caisson foundations in a random
granular soil as long as one numerical result in such soil is added to the database. Therefore, the RF based
model is much more convenient than the calibration of parameters used in the conventional analytical
solutions and the computational cost is much less than the conventional numerical modelling methods.
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1. Introduction

Suction caisson foundation is a form of fixed platform anchor in the form of an open bottomed tube
embedded in the seabed, which consists of a thin-walled upturned ‘bucket’ with cylindrical shape. The
caisson penetrates into the seabed by self-weigh and pumping out the water trapped in the caisson cavity.
The bearing capacity of foundation can be improved by squeezing the soil in the ‘bucket’ during
undrained loading [1-3]. The caisson foundation has a number of advantages over conventional offshore
foundations because of the easy installation and high capacity. Suction caissons are now used extensively
worldwide for anchoring large offshore installations, like oil platforms, offshore drillings and
accommodation platforms to the seafloor at great depths. In recent years, suction caissons have also seen
usage for offshore wind turbines in shallow waters [2, 4, 5]. Caisson foundations of such structures are
typically subjected to complex loading force with the combination of vertical (V), horizontal (H) and
moment (M) loads [6]. Compared with vertical capacity, horizontal and moment capacities are more
critical due to the offshore system responses in combination with the environmental loading [7].
Currently, the state-of-the-art design method for evaluating the bearing capacity of a caisson foundation
under combined loading is to use the failure envelope in the V-H-M or H-M space [8, 9].

Generally, the methods for determining the failure envelope can be categorized into two groups:
experiment and numerical modelling. The most realistic and intuitive way to obtain the failure envelope is
to conduct the experiments, such as field test, centrifuge test and laboratory model test. However, the
shape of failure envelope is complex because it is affected by soil properties and specifications of caisson
foundations. The cost of experiments to cover all possible paths is large. Moreover, the physical tests tend
to be simplified, thereby only limited factors can be considered and it is thus hard to comprehensively

capture the failure mechanism of caisson foundation. Compared to the experiment, the numerical
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modelling has been extensively used to obtain the failure envelopes [9-12] due to the fast development of
computer techniques. However, the computational cost of numerical modelling is also expensive when
conducting numerous simulations each time for a given caisson foundation. Furthermore, the calibration
of parameters used in constitutive model still requires considerable skills although some parameter
identification methods [13-19] and tools [20] have been developed. Furthermore, the yield envelope is a
key component in macroelement models, most typical analytical method characterized by computational
efficiency with simple formulation and ease of numerical implementation with the integration of finite
element code [21-23]. However, parameters of yield envelope need to be calibrated in advance, which
brings the challenge to engineers. Therefore, an effective method to predicting the failure envelope, which
can comprehensively account for multiple influential factors and guarantee its accuracy, deserves to be
developed.

The application of machine learning (ML) algorithms in engineering has recently proliferated such
as offshore [24-28], geotechnical [29-32] and structural engineering [33-35], because such algorithms are
able to directly learn from raw data and capture the intricate relationship in high-dimensional input and
output parameters, meanwhile the accuracy and computational efficiency can be ensured [36-38]. Thus,
the ML is a potential method to fast predict the failure envelope of caisson foundation. Various influential
factors can be assigned as the input parameters, thereby a well-trained model can make an accurate
prediction with less computational cost for cases with various soil types and caisson foundation
specifications. The excellent generalization ability of ML algorithms is one of important factors to solve
such problem. Numerous research works have comprehensively compared the prediction performance of
various ML algorithms such as artificial neural network (ANN), support vector machine (SVM), extreme
learning machine (ELM), the evolutionary polynomial regression (EPR) and random forest (RF). RF as

an ensemble algorithm has been discovered to exhibit superior performance to other ML algorithms in
3
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various domain such as the prediction of tunneling-induced settlement and soil properties [37, 39-42].
The overfitting problem of RF is much less than other ML algorithms, and [43] even stated that RF
cannot suffer from overfitting problem. Therefore, it is worth trying to apply the RF for predicting failure
envelopes of caisson foundations in sand.

As one of ML algorithms, RF requires large number of data which is very expensive in engineering
practice. One possible solution is to use advanced numerical modeling well calibrated from limited real
data (such as coupled Lagrangian finite element method and smoothed particle hydrodynamics with a
critical state based simple sand model (CLSPH-SIMSAND) by [9]), through which more simulations can
be conducted for different soil and loading conditions to extend database as much as possible. Then, some
of data can be used to train the ML based model and the rest for testing the model. This study follows this
logic.

Hence, this study aims to combine RF with CLSPH-SIMSAND to develop an intelligent model for
predicting the failure envelope of caisson foundations in the H-M space. The failure envelopes of various
specifications of caisson foundation in a given sand are first generated using CLSPH-SIMSAND.-The
numerical modelling cases are sufficient enough to ensure that RF can learn the failure mechanism of
caisson foundations with various specifications in a given soil. To extend the application scopes of the RF
based model, one failure envelope of caisson foundations in sand with different properties are added to
the database, which is used to refine RF model so that it can capture the mechanical responses of caisson
foundations in sand with novel properties. In this way, the failure envelopes of caisson foundations with

various specifications in a random granular soil can be efficiently and accurately predicted.
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2. Random forest based methodology

2.1 Brief introduction of random forest

RF is an ensemble algorithm with a collection of unpruned decision trees [43]. Bagging [44] and random
feature selection [45] are integrated into the RF to overcome the poor generalization ability of a single
decision tree. Fig. 1 illustrates the process of building a RF. A total of n subsets is first generated from the
training set by bootstrap sampling, thereafter each decision tree is grown independently based on the
corresponding bootstrap set. The number of features used for splitting nodes in each decision tree is
randomly selected from the feature space of the training set. Such randomization manipulates high
diversity among trees in the forest. The output values in each bootstrap set constitute a regression space,
as presented in Fig. 1. The training process of RF terminates with the formation of n regression spaces.
Given a new input dataset x, n decision trees will generate n output value y;, and the ultimate output of RF

is obtained by the aggregation of the results from all decision trees, as shown:

y =%;Zlyf(><) (1)
where y; (x) = individual prediction of a tree for an input x; n = a total of DTs. The training of RF is to
determine the values of hyper-parameters. The hyper-parameters of RF are presented in Table 1. The
performance of a RF based model is primarily affected by ntree, mtry and min _sample split. ntree
controls the number of trees in the RF. The increasing number of ntree improves the performance of a RF
based model and cannot induce overfitting, but the computational cost is expensive. The diversity of trees
in the forest depends on the value of max features. The increasing diversity can improve the
generalization ability of RF, but the number of trees needs to increase simultaneously to guarantee its
stable prediction performance. The depth of tree is controlled by min sample split. Setting

min_sample split larger causes smaller trees to be grown, thereby may reduce the generalization ability of
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the RF based model, but small min_sample split easily causes overfitting problem and increases
computational cost. Considering only three hyper-parameters need to be determined, grid search method
is used to determine their values, because it can traverse all combinations of hyper-parameters and the
optimum combination of hyper-parameters can thus be effectively obtained. The prescribed ranges of
three hyper-parameters are presented in Table 1, which are sufficiently large to determine the optimum
values. The remaining three hyper-parameters can be automatically obtained during the training process
after the values of ntree, mtry and min_sample_split are determined.
2.2 Failure envelope description
Physical and numerical modelling results have revealed that the shape of failure envelope is similar to an
ellipse in the H-M plane [46-48], thereby analytical solutions focus on using ellipse to fit the failure
envelope [9, 49]. [9] have proposed a formulation with three parameters to describe the failure envelope
of a caisson foundation in the H-M plane. The definition of parameters used in [9]’s method for
describing the failure envelope centered at the origin is presented in Fig. 2, in which the general form of
ellipse can be expressed as follows:
AX +A4XY+A4Y +4,=0 ()
=a’ (sin (/))2 +b° (cos (/))2
, = 2(b2 —az)sin(pcosw

A
A
) ) 3)
A,=a’(cosp) +b*(sing)
A

where a and » = major and minor axis of the failure envelope, respectively; ¢ = rotation of the failure
envelope. The failure enveloped can be obtained if the values of a, b and ¢ are determined. The RF based
model is employed to predict the values of a, b and ¢, thereafter the failure envelope can be mapped,
which dramatically reduces the computational cost and is also much easier than the direct prediction of

failure envelopes.
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2.3 Proposed RF-based model for failure envelope prediction

ML is able to take advantage of increases in the amount of available data [50]. The development of ML
based model to predict failure envelope thus relies on the collection of experimental or numerical data.
The implementation of experimental tests with various soil types or caisson foundation specifications is
expensive and time-consuming, thereby it is hard to develop a database based on experiments. Synthetic
datasets have been successfully used to develop the ML based model in published research works [19,
51], thereby numerical modelling is a flexible method to generate numerous datasets to train the ML
based failure envelope prediction model. However, the combinations of all influential factors are
extremely large, it is thus not realistic to simulate all cases. A substitute method is to use numerical
modelling to acquire sufficient failure envelopes of caisson foundations in a given soil type, which
ensures ML to identify the failure mechanism in such soil type. Next, by adding an additional numerical
result in a studied soil type to the original database, ML based model is modified to be adapted to capture
the failure mechanism of caisson foundation in the studied soil type.

The flowchart of developing combined RF and CLSPH-SIMSAND model to predict failure envelope
of caisson foundation is presented in Fig. 3. The specification of a caisson foundation is represented by
skirt length (L) and outer diameter (D). The properties of soils relative density (D,), friction angle at
critical state (¢.), plastic modulus (k,) and sand grain crushability (Cr) are taken into consideration. Two
databases are first generated by using CLSPH-SIMSAND. Herein, the first database includes failure
envelopes of various specifications of caisson foundations for a given soil type (sand-O in this study).
Such database ensures RF can learn the failure mechanism of a caisson foundation in a given soil type
from sufficient datasets. To extend the application scopes of the RF based model, a numerical result of a
caisson foundation in the studied soil types in which some properties differ from sand-O is added to the

original database, which constitutes the second database. Two studied soil types (sand-I and sand-II in
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this study) are used to examine the reliability of the RF based model in this research work. It should be
noted that in each studied soil type, only one numerical result of a random caisson foundation
specification is appended to the second database. Such additional dataset is used to modify the RF-based
model with least computational cost, meanwhile the failure envelopes of caisson foundations in a studied
soil type are ensured to be identified. The performance of the RF based model developed based on the
first and second databases can be compared to examine the effect of an additional dataset on the
improvement in the generalization ability of model. Therefore, the RF based model is trained with six
input parameters and three output parameters. Failure envelopes of random specifications of caisson
foundation in the studied soil types are predicted using the RF based model, and they are compared with
the numerical results of CLSPH-SIMSAND to test the reliability of RF-based model.

2.4 Evaluation indicators

Two indicators mean absolute percentage error (MAPE) and Nash—Sutcliffe model efficiency (NSE)
coefficient (see Eqgs. [4]-[5]) are used to evaluate model performance. MAPE is an unbiased measure to
evaluate the average prediction error of a model, and NSE is used to assess the accuracy of a model [52].

Low value of MAPE and high value of NSE indicate that a model has an excellent performance.

n P __ 4,m
MAPE =L 32— | 100% )
no=r| Vi
n 2
el
NSE =1- Z':l( )2 (5)
,.Zl(y,»’” —y,«’”)

where y" and y” = measured and predicted ith output; »” = mean value of measured output; n = a

total of datasets.
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3. Database of failure envelope

3.1 Data source

[9] proposed a coupled Lagrangian finite element method and smoothed particle hydrodynamics method
(CLSPH) combining with an advanced critical state-based sand model (SIMSAND) for the identification
of the failure envelope of a caisson foundation in the Baskarp sand with the unit weight of 19.5 kN/m?
and the specific gravity of 26.5 kN/m?3 [53]. The parameters of the SIMSAND constitutive model were
first calibrated using triaxial tests on Baskarp sand. The reliability of numerical results of elaborate
CLSPH-SIMSAND based model has been fully validated through one cone penetration test, six model
tests and one field test on a reduced scale caisson foundation. Therefore, the numerical results from such
research work are used in this study due to the reliability of CLSPH-SIMSAND based model and
simulations. The responses of a caisson foundation with L = 1 m and D =2 m as a typical example are
used to introduce the modelling results by CLSPH-SIMSAND, as presented in Fig. 4. Radial
displacement tests modelling strategy is used to identify the failure envelope of a caisson foundation, in
which the ratio between the applied displacements or the combined rotation-displacement increments
maintains constant [54]. Half of applied horizontal displacement and rotation of caisson foundation are
presented in Figs. 4(a) and (b), respectively, in which the maximum horizontal displacement increases
from 0 to 0.8 m with an interval of 0.04 and the rotation maintains in the range of 0 to 0.2 rad. Another
half of applied horizontal displacement and rotation is opposite to the values presented in Figs. 4(a) and
(b), but the absolute value keeps unchanged, which is not shown for brevity. Fig. 4(c) presents the loading
paths in the H-M plane and the corresponding failure loci. A total of 44 failure loci are determined by the
inflexion of loading paths or the ends of loading paths for which the ultimate bearing capacity is hard to
reach [5]. Based on the obtained failure loci, the failure envelope can be fitted using Eq. [2], and the

corresponding values of a, b and ¢ can be obtained, as shown in Fig. 4(d). A total of nine parameters are

9
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collected (see Fig. 3) when each simulation is completed.

As mentioned in section 2.3, sand-I and sand-II are used to examine the reliability of the RF based
model in this studied. Compared with the sand-O, D, of sand-I and ¢. of sand-II are changed,
respectively. Table 2 summarizes the values of soil parameters of sand-O, sand-I and sand-II. In the first
database, the training set includes 56 datasets with different caisson foundation specifications in the sand-
O, and the testing set includes 10 datasets with different caisson foundation specifications in the sand-I
and sand-II. In second database, 2 datasets with L = 1 m and D = 2 m in the sand-I and sand-II are added
to the training set of the database 1, and thus the number of datasets in the testing set decreases to 8. The
database used in this study can be freely downloaded for your check and use (see Appendix).

3.2 Global sensitivity analysis

Sensitivity analysis aims to investigate how the model output uncertainty can be apportioned to the
uncertainty in each input variable [55], thereby the significance of input parameters to the model can be
determined. Variance-based sensitive analysis as a typical global sensitivity analysis method has been
successfully used in many domains [36, 56-58], because such method can account for the whole variable
space and the coupled effects of parameters on the model can also be considered.

Variance-based sensitivity indices denote the effect of the variation of an input variable on the
output. Given a model with £ features [ X, Xj, ..., X], the model can be expressed by:

Y=7/(X.X;, 0. X, .0 X) (6)

Based on the analysis of variance (ANOVA) functional decomposition [59], the model can be re-

expressed by:

Y:f()—l_Zfi—}_ZZ]Fij-i-'” +f12...k (7)

i=l i<j

where f =£(X,), f; =/; (Xi,Xj) and so on. The total variance can thus be obtained by:
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i=1 i=1 i<j

where V. =V (f(X,)), V:V(fl.].(Xl., X_].)) and so on.

! y

The Sobol’ sensitivity indices are defined as the ratio of partial variance to the total variance [60],

thereby the first order S; and total order S7; sensitivity indices can be obtained by:

)

H(E(YIX.)_E(F(YIX.)
TN W "

where X; = ith feature; X_; = matrix of all features without including X;; ¥/X; = ¥ values under a given Xj;
Y/X ;= Y values under X _; matrix.

S; 1s used to evaluate the effect of feature X; on the model. Sy; is used to evaluate the total effect of
feature, i.e. X; as well as the interaction between X; and remaining features. S; proposed by [61] and Sp;
proposed by [62] are used in this study because of the superiority of such two indices [61], which can be
obtained by:

v, (E.(Y]X,))= z ( /(A g))j—f(A)j) (11)
E(r(r1x.)) =§Zjl(f (a),-7(a¥) ) (12

V(y)=— Z,lf (Zf } (13)

where n = a total of datasets; A, B = two independent dataset matrices with n/2; Ag) = a matrix that all
columns are from A except the elements in the ith column, which is from B. Therefore, a model with &
features means it has & Ag matrices.

As mentioned in the section 2.2, the failure envelope of a caisson foundation can be expressed using
Aa, b, ). Given 1000 random datasets, in which a ranges from 1000 to 2000, b ranges from 500 to 1000,

and ¢ ranges from 20 to 60. All of them obey uniform distribution in the corresponding range. Fig. 5
11
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presents the values of sensitive indices of three characteristic measures. It can be observed that the S; and
S7; values of a are much larger than the b and ¢, which indicates the shape of failure envelope of a caisson
foundation is primarily affected by a, followed by b and ¢. The coupled effects of characteristic measures
on the failure envelope cannot be neglected especially for ¢, in which the coupled effect is more
obviously than itself.

3.2 Data preprocessing

The performance of the model is affected by the scales of input and output parameters. The datasets thus
need to be pre-processed. Min-Max normalization method as a linear transformation method has been
successfully used in many domains because of its simplicity and effectiveness [36, 63, 64], which is thus

used in this study. Such method normalizes all parameters into a same scale using

X—X_. - - -
X = —mm(Xmax — Xmin ) + Xmin (14)

where x = actual value; xy,,x and xp,;,, = actual maximum and minimum of the parameter x in the database;

Xmax and Xmn = prescribed lower and upper bounds of normalized x, which are equal to —1 and 1 in this

study.

4. Development of RF-based model

4.1 Determination of min_sample_split

As mentioned in the section 2.1, the grid search method is used to determine the values of ntree, mtry and
min_sample split of the RF based model. To evaluate the performance of the RF based model, the
learning curves on both training and testing sets are investigated. Such method evaluates the model
performance by calculating the loss values on both training and testing sets, and it has also been

successfully used to examine the underfitting and overfitting problems [65]. Large loss values on both
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training and testing sets represent that the RF based model exists underfitting problem. Small loss value
on the training set and the large loss value on the testing set represent that the RF based model has
overfitting problem. Therefore, a model with small loss values on both training and testing sets exists
excellent performance. Herein, the loss value is defined as the MAPE as shown in Eq. [4].

The loss values on the training and testing sets generated by the RF-based model with different
values of min_sample_split are presented in Fig. 6. It can be seen from Fig. 6(a) that the performance of
the RF based model for the prediction of a varies dramatically with the change of min_sample_split. The
model with min_sample split of 3 obviously loses fidelity on the training set in comparison with other
values of min_sample_split, although the loss value on the testing set is lowest, thereby such model is not
robust and the results are not reliable. Overall, the optimum value of min_sample_split is 5, in which the
ranges of loss values on both training and testing sets are small, meanwhile the mean value on the testing
set is less than the model with other values of min_sample split.

Fig. 6(b) presents the effect of min_sample split on the RF based model for predicting b. It is clear
that the RF based model for predicting b is less sensitive to the min_sample split than the prediction of a.
With the change of min_sample split, the range and mean value of loss values on the training set are
roughly identical. On the testing set, the range and mean value of loss values first increase with the value
of min_sample split increasing from 1 to 3, thereafter the increasing min sample split leads to the
increase in the range and mean value of loss values, thereby the optimum value of min_sample_split is
here identical to 6.

It can be observed from Fig. 6(c) that the range of loss values on both training and testing sets for the
prediction of ¢ are much less than the predictions of @ and b, which is attributed to the smaller range of ¢
in the database in comparison with a and b. The range and mean of loss value on the training set

generated by the RF sub-based model for predicting ¢ with min_sample split of 2 are relatively less than
13
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that generated by the model with other values of min_sample_split, meanwhile the range of loss value on
the testing set is also small. Therefore, the optimum value of min _sample split is selected as 2.
4.2 Determination of ntree and mtry

After the value of min_sample split is determined, the coupled effect of ntree and mtry can be
revealed, as presented in Fig. 7. From the perspective of Fig. 7(a), the performance of the RF based model
for predicting @ maintains steadily as the ntree exceeds 100, and the corresponding loss values on the
training and testing sets decrease with the increasing value of mtry. As the value of m#ry is equal to 1, the
RF based model has underfitting problem with high loss values on training and test sets. The performance
RF based sub-model with mtry of 5 and 6 improves continuously with the increasing ntree. Because the
trees are diverse in the RF as the mtry is identical to 2, 3 and 4, the loss values generated by the
corresponding RF based model vary dramatically. The effect of such diversity can be eliminated with the
increasing ntree, thereby the loss values are roughly unchanged as the ntree reaches 100. Herein, the
optimum values of ntree and mtry are identical to 3 and 4, respectively. In Figs. 7(b) and (c), it can be
observed that the evolution of loss value on the training set is similar to results generated by the RF based
model for predicting a. Regarding the RF based model for predicting b, an obvious difference on the
testing set is that the evolution of loss values is roughly consistent as the mtry reaches 4. The optimum
values of ntree and mtry for the RF based model for predicting b are 16 and 6, respectively. For the RF
based model for ¢, it can be observed that the loss value on the testing set generated by RF based model
with various mtry values continuously decreases with the increasing ntree. The model with ntree = 82 and
mtry = 6 shows the best performance. It should be noted that this section only presents the process for
determining the optimum hyper-parameters of the RF model based on the second database. The process
for developing the optimum RF model based on the first database is similar, which is thus not presented

for brevity. Table 3 summarizes the optimum values of min_sample split, ntree and mtry used in RF
14
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based model developed based on the first and second databases. The optimum model for predicting a, b

and ¢ can be freely downloaded for your check and use (see Appendix).

5. Performance of RF based model

Table 4 presents the values of indicators generated by the RF based model developed based on the first
and second databases. The objective of RF based model developed based on the first database is to ensure
it can learn the failure mechanism of a caisson foundation in the sand-O. Utilizing such model to directly
predict the failure envelopes of caisson foundations with various specifications in the sand-I and sand-II,
it can be seen from Table 4 that the prediction error is large, and the largest MAPE reaches 23.7% for
predicting a. For the RF based model developed based on the second database, that is, a numerical result
in the sand-I and sand-II is added to the database, the errors for predicting a, » and ¢ obvious reduces
especially on the testing set, in which the largest MAPE decreases to 9.5%. NSE values always maintain
over 0.9 for the prediction of a, b and ¢ using the RF based model developed based on both databases.
Fig. 8 presents the scatter plots of predicted characteristic measures a, b and ¢. It can be observed that the
predicted results show excellent agreement with actual results, and all points are close to the line with the
slope of 1. It means that the performance of RF based model can be well modified to accurately predict
the characteristic measures of failure envelopes of caisson foundations with various specifications in the
studied soils, as long as the datasets in a soil type is sufficient enough and one or several numerical results
in the studied soil types are included in the database.

Based on the predicted characteristic measures a, b and ¢, the failure envelope can be obtained by
Eq. [2]-[3]. Fig. 9 and 10 present the predicted failure envelopes of caisson foundations with five
specifications in the sand-I and sand-II, compared with numerical results. It is clear that the predicted

failure envelopes are roughly consistent with the numerical results. The largest discrepancy between the
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355

predicted and actual failure envelopes exists in the prediction of the caisson foundation with L =2 and D
=2 m in the sand-II. Global sensitivity analysis indicates the shape of failure envelope is mainly affected
by a, thereby the prediction error on a leads to an obvious difference between the predicted and actual
failure envelopes. Overall, the application scopes of RF based model can be extended by adding one or
several numerical results in the studied soils to the database. The predicted results are reliable and the

main error origins from the prediction of a with the value less than 10%.

6. Conclusions

This study combined random forest (RF) with numerical modelling method CLSPH-SIMSAND to
develop an intelligent model for predicting failure envelopes of caisson foundations in the H-M space.
CLSPH-SIMSAND was employed to generate synthetic datasets of failure envelope. Three characteristics
of failure envelope that are the major axis a, minor axis b and rotation ¢ of the failure envelope were
extracted, thereafter the RF based model was trained to predict a, b and ¢ to reproduce failure envelopes.
Consequently, the first database was built with the failure envelopes of various specifications of caisson
foundations in a given soil, and the second database included additional failure envelopes of caisson
foundations in sand with different properties. RF is able to learn the failure mechanism of caisson
foundation in a given soil based on the sufficient datasets in the first database. By adding one numerical
result in the studied soil types in the database, the RF based model can be well modified to accurately
predict the failure envelopes of caisson foundations with various specifications in other soil types, which
is much more convenient than the calibration of parameters used in the conventional analytical solutions.
Therefore, the predicted results of combined RF and CLSPH-SIMSAND method are reliable and its
application scopes can be effectively extended by adding one or several numerical results in a random soil

type to the original database with the prediction error less than 10%. Moreover, the prediction of the
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combined RF and CLSPH-SIMSAND method can be completed within several seconds, thereby the

computational cost is much less than the conventional numerical modelling methods.

Appendix

The database and the code used in this study can be downloaded at following link:

https://www.researchgate.net/publication/339289968 RF based failure envelope prediction_model
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Table

Table 1 Hyper-parameters of RF

Parameter Description Value
ntree Number of decision trees 1-500
mtry Maximum number of features in each decision tree 1-6
max_depth Maximum depth of decision tree auto
max_leaf node Maximum number of leaf nodes auto
min_sample_leaf Minimum number of samples in newly created leaves auto
min_sample_split Minimum number of samples required to split an internal node 1-6
Table 2 Values of soil parameters
Soil type D, & ky Cr
Sand-O 80 35.1 0.0034 72
Sand-I 40 351 0.0034 72
Sand-11 80 30 0.0034 72
Table 3 Optimum value of hyper-parameters of RF based models
Database 1 Database 2
Hyper-parameter
a b ) a b 1)
ntree 2 25 8 3 16 82
mtry 3 5 6 4
min_sample_split 5 2 5 5
Table 4 Performance of model trained using the first dataset
Database 1 Database 2
RF based — ; — -
model Training set Testing set Training set Testing set
NSE MAPE NSE MAPE NSE MAPE NSE MAPE
a 0.97 19.4% 0.99 23.7% 0.99 14.6% 0.95 9.5%
b 0.95 16.5% 1.00 10.0% 0.94 19.5% 1.00 4.6%
® 0.98 4.4% 0.95 1.7% 0.99 2.7% 1.00 1.6%
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