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Abstract: Long-term settlement issues in engineering practice are controlled by creep index C,. But
current empirical models of C, are not enough reliable. Different from previous correlations, this study
proposes a hybrid surrogate intelligent model for predicting C,. The new combined model integrates the
meta-heuristic particle optimization swarm (PSO) in the random forest (RF) to overcome the problem of
user experience-dependent and local optimum. A total number of 151 datasets with four parameters
(liquid limit wy, plasticity index /,, void ratio e and clay content C/) and one output variable C, are
collected from published works. 11 combinations of these four parameters (one combination with four
parameters, four combinations with three parameters and six combinations with two parameters) are set as
input variables in the RF algorithm for determining the optimum combination of variables. In this novel
model, PSO is employed to determine the optimum hyper-parameters in RF algorithm, and the fitness
function in the PSO is defined as the mean prediction error for ten cross-validation sets for enhancing the
robustness of RF models. The performance of RF model is particularly compared with the existing
empirical formulae. The results indicate that the combinations of Ip—e, CI-Ip—e, and Cl-w—I,—e are
optimum RF models in respective group, and these models are recommended to predict C, in engineering
practice. Meanwhile, these three proposed models obviously outperform the empirical methods with
lower prediction error. Parametric investigation indicates that the relationships between the C, and four
input variables in the proposed RF models harmonize with the physical explanation. Gini index generated
in RF process indicates C, is much more sensitive to e than the remaining three input variables, followed

by CI, I, and wy, but the difference among later three variables can be negligible.
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1. Introduction

Natural soft clays exhibit significant creep under both laboratory and in situ conditions after primary
consolidation, which significantly influences the long-term stability of slope and safety of infrastructures
in various fields, such as tunneling (Meng et al. 2018; Shen et al. 2014), slope (Jin et al. 2003; Yang et al.
2019) and embankment (Karstunen and Yin 2010; Yao et al. 2018; Yin et al. 2015; Zhu et al. 2019), etc.
Engineers have to calculate the long-term settlement before construction in order to control the post-
construction settlement to a tolerated value. Actually, time-dependent behavior of soft clays has been
studied for a long history, various methods in standard and advanced elastic viscoplastic (EVP) models
have also been proposed to estimate the creep settlement (Tan et al. 2018a; Yin and Graha 1989; Yin et
al. 2010a; Yin et al. 2010b; Zhou et al. 2018), for which the measurement of viscous parameters takes
time, and thus it is not convenient for engineers and researchers.

Calculation of long-term settlement using methods recommended in standard or EVP models

indicates the corresponding parameters have to be determined in advance. Creep index

C,=Ae/ Alog(t) generally determined by the one-dimensional oedometer test is a key parameter to

calculate long-term settlement in engineering practice, and it is also applied in most standard and EVP
models (Yin et al. 2014a; Yin et al. 2011). Although most clays in engineering practice are intact rather
than reconstituted, the C, of intact clays is not an intrinsic property because bonds in these natural soils
are progressively destroyed under various loading or unloading formations, which causes the apparent C,
highly nonlinear (Karstunen and Yin 2010; Yin et al. 2017). The varying value of C, depending on stress
level for intact clay is thus not suitable for use in actual engineering problems, which may also result in
wrong predictions. However, the C,, of reconstituted clay without the interruption of soil structures is an
intrinsic property, which provides the base for understanding the creep behavior of soils and it is thus
more adaptable in engineering design (Jin et al. 2019). Because of these factors, this research merely
focuses on the C, of reconstituted clays.

Currently, the value of C, is primarily determined by the curve-fitting technique based on the
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experimental data. Researchers demonstrated that the creep property is affected by the microstructure of
soft clays (Yin and Chang 2009; Yin et al. 2014b), and physical properties somehow represent the
microstructure of clay (Jin et al. 2019). Nakase et al. (1998) proposed a linear formula to describe the
relationship between C, and plasticity index /,, similar relationship was also formulated by (Yin 1999).
Zeng et al. (2012) pointed out that the void ratio e and the void ratio at liquid limit e, are the significant
factors for the creep behavior of soft clays, and a C, prediction model was thus proposed based on these
two factors. Yin et al. (2015) formulated a linear expression of C, with e in a double logarithm plane.
More recently, Zhu et al. (2016) further developed a formulation of C, considering both soil density and
soil structure. Nevertheless, these empirical formulae are merely capable of describing few soft clays.
Meanwhile, influential factors taken into consideration are limited, one or two in most formulae, although
the value of C, depends on more influential factors. Therefore, C, calculated by these empirical methods
is not enough reliable, and a model with wider adaptability between C, and physical properties of soft
clays needs to be determined.

Machine learning (ML) algorithms are characterized by the strong capability of capturing the non-
linear relationships among high-dimension variables and worth to try. Various ML algorithms such as
back-propagation neural network (BPNN) (Basheer 2000; Habibagahi and Bamdad 2003; He and Li
2009; Penumadu and Zhao 1999; Rashidian and Hassanlourad 2014; Turk et al. 2001), evolutionary
neural network (ENN) (Johari et al. 2011), recurrent neural network (RNN) (Romo et al. 2001; Zhu et al.
1998), support vector machines (SVMs) (Kohestani and Hassanlourad 2016), evolutionary polynomial
regression (EPR) (Faramarzi et al. 2012; Javadi and Rezania 2009; Nassr et al. 2018), genetic
programming (GP) (Cabalar and Cevik 2011) and Bayesian-related methods (Gamse et al. 2018; Q1 and
Zhou 2017; Tan et al. 2016; Tan et al. 2018b; Zhou et al. 2012), have been extensively utilized in
geotechnical engineering, e.g. the prediction of tunneling-induced settlement (Chen et al. 2019a; Chen et
al. 2019b; Hasanipanah et al. 2016), slope displacement and stability (Qi1 and Tang 2018a; Xu and Niu
2018; Yang et al. 2019), pile behaviors (Pooya Nejad and Jaksa 2017), soil physical and mechanical

characteristics (Feng et al. 2019; Kirts et al. 2018; Pham et al. 2018; Zhou et al. 2016b), etc. Recently, an
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advanced ensemble algorithm random forest (RF) has been applied in geotechnical engineering practice.
The overfitting issue can be avoided and the importance of variables can be determined internally in the
RF algorithm. The superiority of RF algorithm has been proved in other comprehensive studies such as
prediction of slope stability (Qi and Tang 2018b), rockburst (Zhou et al. 2016a) and soil temperature
(Feng et al. 2019). Furthermore, (Chen et al. 2019b) conducted a comprehensive comparison of different
ML algorithms in predicting tunneling-induced settlement, and concluded that RF algorithm obviously
outperforms other ML algorithms. However, there is no research to develop C, prediction model based on
ML algorithm. Meanwhile, the hyper-parameters such as the number of hidden layers and neurons in
numerous ML prediction models are generally determined by trial and error method and the deterministic
algorithms tend to optimize the general parameters (e.g., the weights and bias), which is time-consuming
and tends to fall in local optimum resulting in a poor performance of the obtained model.

To resolve these deficiencies, this paper proposes a novel RF intelligent model with integrating the
particle swarm optimization (PSO) algorithm to predict C, of reconstituted clays. A database consisting
of four input physical properties of remoulded clays and the corresponding C, is formed first. Thereafter,
11 combinations of these four parameters (one combination with four parameters, four combinations with
three parameters and six combinations with two parameters) are set as input variables for establishing RF
models, thereby the optimum combination with lowest errors for predicting C, can be determined. Herein,
the hyper-parameters in each RF model are identified by PSO. To enhance the robustness of the proposed
model, the average prediction error of 10-fold cross-validation sets is set as the fitness function in PSO
algorithm. Finally, the relationships between C, and input variables, and the sensitivity of input variables

in the proposed model are investigated comprehensively.

2. Methodology
2.1 Random forest
Random forest (RF) is an ensemble algorithm consisting of a collection of tree-structured classifiers

(Breiman 2001). Bagging (Breiman 1996) and random feature selection (Ho 1998) are integrated in the
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RF algorithm. Each new bootstrap training set N; with replacement samples is from the original training
set N. Then a tree that is a sub-predictor is built based on the new bootstrap training set N;. For each y, x
in the training set, aggregate the votes only over those sub-predictors for which y, x does not exist in the

N These sub-predictors are termed as out-of-bag (OOB) predictors and these datasets without the N are

termed as OOB datasets (accounting for one-third of the original training datasets). OOB datasets are

employed to evaluate the performance of sub-predictor developed upon the new bootstrap training set Ny.

The hyper-parameters in this algorithm are the number of trees and random features at each node, as

shown in Table 1 with their ranges. Furthermore, random forest algorithm has been proved not to overfit

with the increase in the number of trees (Breiman 2001). They are more robust with respect to noise, and
the importance of input variables can be evaluated internally based on the value of Gini index (Breiman

2001). The detailed description of Gini index can refer to (Lovatti et al. 2019). Figure 1 presents the

process of building a random forest, which is also showing as following:

1. Draw n bootstrap training sets from the original training data. Each bootstrap training set has about 2/3
of the original training datasets. The features in each bootstrap training set are selected at random.

2. Generate a decision tree based on each bootstrap training set. OOB datasets are used to evaluate the
performance of a decision tree which ultimately selects the best features/split among the training set.
All decision trees form a random forest.

3. Predict the new dataset by averaging the predictions of #n decision trees. (i.e., average of regression).

The output of the RF can be expressed as:
1 n
y= ;;yl- (x) (1)

where, y; (x) = individual prediction of a tree for an input x; » = a total number of decision trees.
2.2 Particle swarm optimization
Particle swarm optimization (PSO) is a computational method that optimizes a problem by

iteratively improving candidate solutions, here termed as particles (Kennedy and Eberhart 1995). Each

particle has its position vector, X l.k, velocity vector, Vik, and fitness value, where k£ is the current
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generation and 7 is the ith particle. In the search-space, these particles move toward the global best
positions based on local best position and velocity. Herein, lower fitness value donates better position.
The global best positions, that is, the optimum hyper-parameters of RF algorithm (see Table 1) can be
determined when the fitness reaches the minimum value and keeps a constant. The velocity and position
of each particle are updated using the following equations:
Vit =l wan (B - X] ) v e (B - XF) )
X=Xt 3)
where, ¢; and ¢, = acceleration coefficients; w = a weight which is called “inertia weight”, equal to 1
which is a typical value; r; and r, = random numbers, distributing in the interval [0, 1]; P; = current best
location of ith particles; P, = the global best among all particles. In this study, both of ¢; and ¢, are equal
to 1.49, which is the typical value used in PSO. Upper and lower bound of Vk [ are 1 and —1, respectively.
In the PSO, only three parameters (i.e., w, ¢; and c¢;) need to be set. These values mainly affect the
convergence speed (El-Gallad et al. 2002; Zheng et al. 2003) and slightly affect the final optimization
results as long as a large number of generations is performed. Therefore, the maximum generation is 100,
which is large enough to find the best solution. To enhance the PSO performance through selecting proper
parameters, many experiences on the selection of parameters of PSO can be found in previous studies
(Shi and Eberhart 1998; Trelea 2003).
2.3 Evaluation indicators
Three common indicators root mean square error (RMSE), mean absolute error (MAE) and mean
absolute percentage error (MAPE) are employed to evaluate the performance of RF models. RMSE and
MAE can directly reflect the prediction error, but they are the scale-dependent indicators, whose scale is
related to the scale of the data. In other words, low values of RMSE and MAE cannot indicate the great
performance if the values of model output variables are small. Meanwhile, large values of RMSE and
MAE cannot indicate the bad performance if the values of model output variables are large. RMSE has
the same scale as the data, but it is more sensitive to outliers than MAE. MAPE is a scale-independent

indicator, thereby it is not affected by the scale of data. Nevertheless, the MAPE value is infinite or
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undefined if the observed values are close to zero. A comprehensive comparison of these indicators can
refer to (Hyndman and Koehler 2006). The combination of RMSE, MAE and MAPE can effectively

evaluates model performance, and these three indicators are thus used in this study. The expression of

RMSE= -3~ p,) @

1 n
MAE==D s (5)
i=l

these three indicators can be obtained by

MAPE =23 (= Pil100% (6)
n

V.

i=1 ;

where, » = measured output value; p = predicted output value; n = a total number of datasets. Low values
of these three indicators indicate a model with great performance.
2.4 K-fold cross validation

The whole process of establishing a ML model includes three phases: training, validation and
testing. K-fold cross-validation (CV) method has been extensively used to validate model (Stone 1974)
for improving the robustness of ML models and avoiding overfitting problem. In this method, the original
training set is randomly divided into & sub-datasets. Herein, k-1 sub-datasets are used to train model and a
remaining dataset is used to validate model. Each sample thus has opportunity to train and test model. In
open literatures, the k£ was recommended to be set as 10 (Kohavi 1995), therefore, 10-fold CV is applied
in this study.

At each round, RF model with fixed hyper-parameters will be trained ten times by random nine sub-
datasets, and the remaining one sub-dataset will be used to validate model. The performance of the RF
model with fixed hyper-parameters will be evaluated by the mean prediction error for ten validation sets,

that is, the fitness function in the PSO algorithm.

10
Fitness = %Z MAE, 7

i=l

where, MAE; = prediction error for ith validation set.
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Note that the use of 10-fold cross validation can also reduce the effect of the selection of different
amounts of data on the model performance.
2.5 Grey relational grade

Grey relational grade (GRG) has been extensively employed to evaluate uncertain correlations
among variables (Jiang and He 2012; Li and Chen 2019). The geometric similarity of the time series of
the two variables is taken into consideration in this method. Given a reference sequence x, = x, (x,(1),
x/2), ..., x{n)) and a compared sequence x; = x; (x(1), x{2), ..., x/(n)). The grey relational coefficient
between two sequences at jth (j =1, 2, ..., n) criterion is defined as following

minmin‘x, (j)—x,.(j)‘+(5maxmax‘xr(j)—xl.(j)‘
J ! J

(. ()5 () ==

®)

x,(j)—xi(j)‘+5mlfc1xmjax‘xr(j)—x,.(j)‘

where, 0 = resolving coefficient, in the range of [0, 1], which is usually considered as 0.5. Thereafter, the

GRG between sequences x, and x; can be obtained by

7(x.x) l27( (7)) )

3

where, large GRG value means the high correlations between sequences x, and x;.

3. Proposed intelligent model

3.1 Model framework

Figure 2 presents the process of establishing the proposed creep index C, prediction model. The
whole process can be categorized into three phases: data preprocessing, training and testing RF prediction
models. At the first phase, main influential factors of C, need to be determined and collected, a database
consisting of input and output parameters are then established. Herein, 80% of data are randomly selected
for training the model while the remaining are used to test the model. The selection of input variables are
vitally important to the model performance. According to previous investigations, the liquid limit wr,
plasticity index /, and void ratio e have been used to form an empirical equation to predict C,, (Nakase et

al. 1998; Zeng et al. 2012; Zhu et al. 2016). In addition, the clay content (CI) also has a significant
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influence on predicting C, (Jin et al. 2019). Therefore, these four parameters wy, /,, e and CI are
preferably considered as the model input variables in this study. The correlation of selected parameters to
C, is examined by GRG method, as shown in Fig 4.

Feature selection method has been successfully conducted to process high-dimensional data and
select the most relevant factors to the outputs of model (Gao et al. 2018; Lu et al. 2018). In order to
determine the optimum combination of input variables for predicting C,, a total number of 11
combinations of input variables are used to train the prediction model respectively, which can be divided
into three groups: 6 combinations of two variables, 4 combinations of three variables, and 1 combination
of four variables. The one variable as input parameter is not taken into consideration in this research,
because the prediction model trained with only one variable suffers from underfitting, losing
generalization capability. Therefore, a total number of 11 C, prediction models with different
combinations of input variables need to be trained. The model with the optimum performance will be
recommended to predict C, in practice engineering.

The objective at the process of training model is to identify the optimum hyper-parameters in 11
prediction models. PSO algorithm is employed to search for the optimum hyper-parameters in the RF
algorithm. At each round, the proposed model starts from randomly assigning hyper-parameters to RF.
Training set is then randomly divided into ten parts using 10-fold CV method. If the termination criterion
is satisfied, that is, whether or not reaches maximum 100 generations and fitness value converges, the
optimum hyper-parameters in one model can be determined. Otherwise, RF will be assigned a new set of
hyper-parameters by the PSO algorithm. In this way, the hyper-parameters in 11 prediction models can be
determined ultimately.

At the last phase, the 11 prediction models with optimum hyper-parameters will be evaluated by the
test set. The model with the lowest error will be selected as the optimum C, prediction model.
Meanwhile, the optimum model in each group can also be determined. Therefore, engineers and

researchers can select the most appropriate prediction model based on their existing experiment data.
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3.2 Data source

The data used in this research were collected from published research works and consist of various
remoulded clays in the world (Li et al. 2012; Yin 1999; Yin et al. 2015; Zeng et al. 2012; Zhu et al.
2016). A total number of 151 datasets were ultimately collected. The various remoulded clays in this
database facilitate the development of a uniform C, prediction model for all remoulded clays. The
histogram of all variables in the database is presented in the diagonal line of Fig. 3. Scatter plots of
pairwise variables are also plotted in this figure. It can be observed that all variables cover a wide range
of values, which sufficiently extends the applicability of the proposed model.

To eliminate the effect of different magnitudes of input variables on the model’s performance and
also to reduce the computational cost, all datasets have been normalized into the range of (—1, 1) using the

following expression:

X—X . - - -
X = —mm(Xmax — Xmin ) + Xmin (10)

norm
xmax xmin

where x = actual value of input variables, x,;, = minimum value of input variables and x,,,x = maximum

value of input variables. Xy, =—1; Xpax = 1.

Figure 4 presents the GRG values among input and output variables. The number in each panel
represents the GRG value between pairwise variables. It can be observed that the largest GRG value
reaches 0.81, showing high correlation between input e and output C,, whereas the GRG values of
remaining three input variables are roughly identical. Overall, GRG values of four input parameters

exceed 0.65, suggesting the selected influential factors are appropriate to predict C,,.

4. Results
4.1 Determination of hyper-parameters

PSO algorithm is utilized for tuning two hyper-parameters in the RF model. Figure 5 shows the
evolution of the fitness value within 100 generations in 11 C, prediction models. In regard to the CV sets,

the evolution of fitness is different and ultimately converges at various values among 11 models. RF
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model with the combination of /;—e outperforms remaining five models trained by two input variables.
The ultimate fitness values is only 0.00408 and it actually maintains steadily from the initial generation.
The fitness value of this model is even less than fitness values produced by all RF models with three input
variables, whereas the fitness values of remaining five RF models are larger than that. RF model with the
combination of wi—/,—e yields the lowest fitness value of 0.0043, compared with remaining three models
trained by three input variables. RF model with the combination of four variables shows the best
performance with the fitness value of 0.00406. It is noteworthy that no further decrease in the fitness
value is observed after the generation exceeds 16 in 11 RF prediction models, which indicates that 100
generations are large enough to determine the optimum hyper-parameters in RF models. Meanwhile, the
fitness values of RF models with two input variables range from 0.00408 to 0.00591, whereas this value
ranges from 0.0043 to 0.00504 in RF models with three input variables. It actually indicates that the
performance of C, prediction models is increasingly steady with the increase in the number of input
variables. Overall, the fitness value in RF prediction model with two input variables is largest, and the
lowest value appears in the RF prediction model with four input variables.
4.2 Prediction of C, for the validation sets

In order to reveal the reason behind the difference in the converged fitness value in 11 RF prediction
models, Figure 6 presents the values of three indicators in each CV set. It can be observed that the biggest
difference of RMSE and MAE values appears in the second CV set, where the RF models with four
combinations, that are, wi—e, I,—e, wi—I,—e, and CI-w;—I;—e, produces much less RMSE and MAE values
than the remaining seven RF models. Meanwhile, the variation of RMSE and MAE values in these four
models is slight, compared with the remaining RF models. Therefore, the fitness values produced by these
four RF models are lowest in each group. Aside from the second CV set, the evolution of RMSE and
MAE values is roughly identical in each RF model. It can be observed from Fig. 6(c) that the evolution of
MAPE differs from RMSE and MAE due to its scale-independent characteristic. The performance of RF
models in each CV set presents obvious difference, especially in the second, seventh and ninth CV sets,

but the four RF models as mentioned above still show the lower MAPE value at the second CV set.
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The distribution of RMSE, MAE and MAPE values in each RF model is presented by boxplot, as
shown in Fig. 7. It is clear that the distribution of RMSE and MAE are roughly identical in each RF
model. In each group, the RF models with better performance produce lower mean RMSE and MAE
values. Meanwhile, the ranges of RMSE and MAE are much smaller. From the perspective of MAPE, RF
model with the combination of /,—e shows the best performance among all prediction models with the
minimum mean prediction error of 20.8%. RF model with the combination of C/-w —e outperforms the
remaining RF models trained by three parameters. These two characteristics are different from RMSE and
MAE results. It will affect the performance of RF models for the test set, which will be revealed at the
next section. Overall, for the CV sets, RF model with the combination of two parameters produces
maximum prediction error as well as a wider range of errors.

4.3 Prediction of C, for the test set

On the basis of hyper-parameters determined in the former section, 11 optimum RF models can be
established. Figure 8 presents the scatter plot of predicted C, for the training and test sets using optimum
models. The predicted results of RF models with two input variables are illustrated in Figs. 8(a)-(f). The
combinations of Cl-e, wi—e, and I,—e clearly outperform the remaining three RF models. The predict C,
for the training set exist perfect agreement with the measured C,, and the predict C, for the test set are
also close to the P = M line. In contrast, predicted results using the remaining three RF models widely
scatter, and the disagreement of the predicted and measured C, is frequently observed. Figures 8(g)-(j)
present the predicted results using RF models with three input variables. The range of predicted C, using
RF model with the combination of CI-w—/, 1s much smaller than the measured C,, losing fidelity at most
points. The predicted results using the remaining three models show great agreement with the measured
results. The predicted C, for both training and test sets using the RF model with four input variables are
closer to the line with slope of 1 than remaining 10 models (see Fig. 8(k)).

Table 2 summarizes the values of indicators in 11 optimum RF models. The values of indicator are
roughly consistent with the model performance presented in Fig. 8, that is, lower values of indicators

harmonize with more reasonable distribution of the predicted C,. Meanwhile, models with great
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performance in the CV sets also exhibit better performance in the test set. For instance, RF models with
combination of /p—e outperform the remaining models with two input variables in both CV and test sets,
and RF model with combination of CI-w;—/,;—e always presents the best performance among all models
throughout the analysis. However, a special case is observed in the RF models with three input variables,
where values of indicators of RF model with combination of CI-w;—/, are lowest for the test set, but Fig.
8(g) presents the distribution of predicted C, using this model is not acceptable. In reality, the indicators
values for the training set are larger than the remaining three RF models with three input variables. Figure
8 (g) also presents that the distribution of predicted C, using this model is much more concentrated, the
slight variation of predicted C, thus leads to the lower values of indicators. Similar conditions also appear
in the combinations of C/ —wy, CI-Ip, and w;—Ip. However, the smaller range of predicted results indicates
that the prediction applicability of these models is limited, that is, weak generalization capability. To sum
up, the combinations of /p—e, CI-Ip—e, and CI-w;—I,—e are optimum RF model in respective group, and

these models are recommended to predict C, in engineering practice.

5. Discussions
5.1 Comparison with empirical formula

In order to evaluate the predictive ability of the proposed model, five commonly used empirical
methods are used for comparison (see Table 3). Several input parameters of the proposed model are also
used in these empirical methods. Figure 9 presents scatterplot of the predicted C, using five empirical
methods. The predicted C, values in the Figs. 9(a) and (b) are roughly identical, because I, is the only
parameter in these two methods. It leads to predicted C, with the identical value and the small range. In
Fig. 9(c), the values of predicted C, vary dramatically, losing fidelity at most points. The predicted C,
using the empirical method proposed by (Zhu et al. 2016) exhibit great agreement with measured C, (see
Figs. 9(d) and (e)).

Figure 10 presents the comparison between the empirical and proposed models in predicting C,,

where the results of three optimum models in each group are plotted. It is clear that three proposed
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models obviously outperform the empirical methods with lower values of RMSE, MAE and MAPE. The
mean RMSE and MAE values produced by the proposed models decrease by 0.0012 and 0.001,
respectively, compared with the empirical methods. Further, the mean MAPE decreases from 29.33% to
18.09%.

5.2 Parametric investigation

A robust ML model exhibits smooth functions with respect to the input and output variables and
exhibits physical explanation for the behaviors (Shahin et al. 2005). Therefore, the correlations between
four input variables and the C, at three typical points in the test set are investigated. Note that the C,
presented in this section are predicted by RF model with four input variables for comprehensively
investigating the effects of all variables on the C,. At each round, values of three input variables are fixed
in the RF model, whereas the value of a remaining variable increases from 0.2v to 2v with an interval of
0.2v (v donates the original value of the investigated parameter).

Figure 11 presents the correlations between input and output variables in the RF model with four
input parameters. The fixed values of three variables are also plotted in figures. Note that a perfect
smooth correlation between input and output variables in RF model is hardly obtained, because RF model
is developed based on measured data, and a smooth correlation is not observed in the measured data as
shown in Fig. 3. Therefore, the correlations between input and output variables in the RF model merely
reflect a general trend. It can be seen from Fig. 11(a) that the predicted C, decreases initially with the
increase in the CI, C, then starts to increase after reaches minimum value. C, ultimately holds steadily
with the continuously increase in the CI. The correlation between wy and C, shows a similar condition.
An opposite trend is observed between wi and C,. With an increase in the wi, C, increases initially, then
starts to decreases after reaches maximum value, and C, ultimately maintain a constant value. In regard to
e, C, increases monotonically with the increase in the value of e. After reaching maximum value, C,, is
constant. The evolution of predicted C, with the change in the four input variables is similar in three
points, but the magnitude of C, is different. Note that the predicted C, using RF model always holds

steadily when the input variables exceeds a certain range, which more or less violates laboratory test
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results. This is a limitation for all data-drive model, since the prediction capability of this kind of model
will be useless when values of new input variables exceed the range of original database. Overall, the
correlations presented in Fig. 11 are consistent with physical explanation, indicating robustness and
reasonability of the proposed RF models.

To investigate the generalization ability of the proposed model, a database including a total number
of 10000 random samples is established. Each sample has four input variables (CI, wy, I, e), and it
assumes that each variable complies with lognormal distributions (Cao and Wang 2014; Zhang et al.
2009; Zhang et al. 2018). Herein, the values of mean and standard deviation for each variable are
consistent with the results presented in Fig. 3. Thereafter, the C, is predicted by the RF model with four
input variables.

Figure 12 shows the distribution of predicted C,. It can be observed that the C, roughly meet the
lognormal distribution with the coefficient of determination of 0.91. The mean and standard deviation
values of predicted C,, 0.020 and 0.008, respectively, show great agreement with measured values, 0.019
and 0.011, respectively. Note that the range of predicted C, are perfectly consistent with measured C,,
because the prediction ability of RF algorithm is useless when the datasets exceed the range of the
original database. Overall, the performance of proposed RF model is absolutely reliable for the unseen
datasets within the range of original database.

5.3 Sensitivity of variables

Variable importance measure (VIM) provides a basis for understanding the contributions of different
input variables to the model output (Hapfelmeier et al. 2012). As mentioned in the Random Forest
section, variable importance can be measured internally in RF algorithm, which is achieved by
investigating the influence of the variation of input variables on the Gini index. Input variable that causes
larger variation in Gini index is more significant to the model predictive capability (Breiman et al. 1984).

The mean decrease in Gini index caused by the change in each variable is shown in Fig. 13. It can be
observed that model output C, is much more sensitive to e than the remaining three variables, followed by

CI, I, and wy, but the difference among these three variables can be negligible. It explains the reason that
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e 1s a common input variable in three optimum models as mentioned above, meanwhile wy as an input

variable merely appears in the RF model with four input variables.

6. Conclusions

A new hybrid surrogate intelligent model based on particle swarm optimization (PSO) and random
forest (RF) algorithms was proposed in this study for predicting C,. A database with four input variables
liquid limit wy, plasticity index /,, void ratio e, clay content CI and one output variable C, was first
established. 80% of data was used to train model, and the remaining 20% of data was used to test model.
High values of grey relation grade (>0.65) between four input variables and one output variable indicated
that the selected influential factors are appropriate to predict C,.

To search the optimum combination of input variables with respect to predicting C,, a total number
of 11 combinations of input variables were used to train prediction model respectively, which can be
divided into three groups: 6 combinations of two variables, 4 combinations of three variables, and 1
combination of four variables. Therefore, 11 RF models with different combinations of input variables
were established.

To determine the optimum hyper-parameters in the RF algorithm, meta-heuristic algorithm PSO was
integrated with RF algorithm. The fitness function in the PSO algorithm was defined as the mean
prediction error for ten cross-validation sets, enhancing the robustness of RF models. The predicted
results for the training and testing sets indicate that the combinations of Ip—e, CI-Ir—e, and CI-w;—I;—e are
optimum RF models in respective group. Therefore, these models are recommended to predict C, in
engineering practice.

Compared with the empirical methods of predicting C,, three proposed models obviously outperform
the empirical methods with lower values of RMSE, MAE and MAPE. The mean RMSE and MAE values
produced by the proposed models decrease by 0.0012 and 0.001, respectively, and the mean MAPE
decreases from 29.33% in empirical methods to 18.09% in the proposed models.

Parametric investigation indicates that the relationships between the C, and four input variables in
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the proposed RF models harmonize with the physical explanation, verifying the robustness and
reasonability of the proposed models. Gini index in the RF algorithm was employed to evaluate the
sensitivity of input variables. The results indicate that the model performance is much more sensitive to e
than other three variables, followed by CI, I, and wy, but the difference among these three variables can
be negligible.

As mentioned above, the performance of the RF model depends significantly on the datasets.
Although the database used in this study includes numerous remoulded clays and the range of variables
are large, it should be further expanded in the future with more data for facilitating the application of
proposed models.

In order to allow readers to quickly perform the training and get results, the used datasets and the
MATLAB source code for the proposed hybrid RF and PSO on predicting the C, are provided and can be
downloaded from the website of

https://www.researchgate.net/publication/334450481 Matlab code for predicting creep index using h

ybrid Random Forest and Particle Swarm Optimization algorithms.
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Table 1 Hyper-parameters in random forest

Hyper-parameters Description Range
ntree Number of trees grown 0~300
mtry Number of predictors sampled for spliting at each node 0~300
Table 2 Performance for all prediction models
Variables Training set Test set
combination RMSE MAE MAPE RMSE MAE MAPE
Cl w 0.0084 0.0046 18.75% 0.0044 0.0035 19.05%
CL Ip 0.0087 0.0046 18.36% 0.0045 0.0037 20.02%
Cle 0.0041 0.0008 2.83% 0.0048 0.0037 19.57%
wy, Ip 0.0087 0.0048 21.26% 0.0052 0.0039 20.56%
w, e 0.0013 0.0002 1.75% 0.0055 0.0048 27.77%
Iy, e 0.0018 0.0004 2.35% 0.0044 0.0032 18.23%
CL wy, Ip 0.0085 0.0047 19.01% 0.0047 0.0036 18.37%
CLwy, e 0.0030 0.0011 4.82% 0.0055 0.0040 19.42%
CL Ip, e 0.0037 0.0012 4.79% 0.0054 0.0039 18.58%
wy, Ip, e 0.0039 0.0020 9.84% 0.0055 0.0051 31.72%
CLwy, Ip, e 0.0030 0.0011 5.05% 0.0047 0.0033 17.45%

Note: bold format donates the optimum combination in each group

Table 3 Empirical correlations for C,

References

Empirical formula

Nakase et al. (1998)

Yin (1999)

Zeng et al. (2012)

Zhu et al. (2016)

Zhu et al. (2016)

C, =0.00168+0.000337,
C, =0.0003691, —0.00055

C, =(~0.0067+0.0115¢, ~0.0016(e, )" |(1+¢)

C, =(-0.0274+0.0011w, —0.000481p)[ﬂ

wr

w

C,= (0.0007WL —0.0223)[

j0.014978wL -0.23031

wy

]0.78720.0369 w; +0.06191,






