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Abstract: In this study, a machine learning method, i.e. genetic programming (GP), is employed to obtain a simplified statistical
model to describe the variation of soil suction in drying cycles using five selected influential parameters. The data used for model
development was recorded by an in-situ experiment. The image processing technology is used to quantify several tree canopy
parameters. Based on four accuracy metrics, i.e. root mean square error (RMSE), mean absolute percentage error (MAPE), coefficient of determination (R2), and relative error, the performance of the proposed GP model was evaluated. The results indicate that
the model can give a reasonable estimation for the spatiotemporal variations of soil suction around a tree with acceptable errors.
Global sensitivity analysis for the statistical model obtained using limited data of a specific region demonstrates the drying time as
the most influential variable and the initial soil suction as the second most influential variable for the soil suction variations. A case
study was conducted using a set of assumed input variable values and validated that the simplified GP model can be used to
estimate and predict the spatiotemporal variations of soil suction in rooted soil at a certain range.
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1 Introduction
Soil suction plays an important role in shallow
soil layers, because it is closely related to unsaturated
soil characteristics, such as soil water retention
property, soil shear strength in the unsaturated zone,
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and effective stress (Fredlund and Xing, 1994; Fredlund et al., 2002; Kim et al., 2004; Hossain and Yin,
2010; Zhou et al., 2013; Nowamooz et al., 2016; Tan
et al., 2016, 2018; Crawford et al., 2019), which can
reflect the behaviors of green geotechnical infrastructures. It is well known that plant is generally
applied to some green geotechnical infrastructures
(Leung et al., 2015; Ni et al., 2018; Gadi et al., 2019;
Zhou and Qi, 2019). Therefore, in the unsaturated
zone of green geotechnical infrastructures, soil suction suffers serious impact by the change of local
weather and plant coverage under natural environmental and climatic conditions (Lee et al., 2009; Cui
et al., 2010; Yang et al., 2015; Zhou et al., 2017,
2020; Gadi et al., 2018; Zhu et al., 2018; Garg et al.,
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2019a, 2019b). Accordingly, it is significant to develop a computational model to estimate and predict
the spatiotemporal variations of soil suction considering the effects of plant and weather, which will
contribute to stability analysis, design, and maintenance of some green geotechnical infrastructures.
Soil suction is usually expressed as a function of
soil water content (Fredlund et al., 2002). Some
methods can be used for prediction of soil suction,
such as analytical method and finite element method
(Prasad, 1988; Totoev and Kleeman, 1998; Fredlund
et al., 2011; Hemmati et al., 2012; Too et al., 2014;
An et al., 2017; Qi and Zhou, 2017; Qi et al., 2017;
Gamse et al., 2018; Zhou et al., 2018; Feng S et al.,
2019). However, these analytical or empirical solutions are usually integrated with a series of assumption and setting of boundary conditions, which leads
to difficulty in accurately estimating the variations of
soil suction under complicated environmental conditions. With the rapid development of smart monitoring techniques, variations of soil suction under different natural environmental conditions can be recorded for a long time. Besides, the corresponding
influential factors, such as covered plant activities and
local weather, can also be obtained at the same time
interval. The measured data can directly reflect the
complicated relationships between soil suction and
those influential factors. In recent years, machine
learning techniques have attracted much attention and
are used to analyze complicated relationships between different types of variables by developing a
statistical mathematical model based on sample data,
known as “training data,” which can also be used to
make predictions or decisions (Bishop, 2006). Many
researchers have employed machine learning techniques to analyze the relations among the soil parameters and different types of influential factors
(Ahmad et al., 2010; Samui and Sitharam, 2011;
Srivastava et al., 2013; Brungard et al., 2015; Karandish and Šimůnek, 2016; Yin et al., 2017, 2018; Pham
et al., 2018; Feng Y et al., 2019; Gopal et al., 2019;
He et al., 2019; Jin et al., 2019a, 2019b; Cheng et al.,
2020; Wang, 2020; Zhang et al., 2020). Machine
learning is a branch of artificial intelligence based on
the biological learning process (Lary et al., 2016), and
is involved in several artificial intelligence methods,
one of which, genetic programming (GP) has been
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applied to many studies in geotechnical engineering
(Whigham and Crapper, 2001; Javadi et al., 2006;
Makkeasorn et al., 2006; Parasuraman et al., 2007;
Rezania and Javadi, 2007; Alavi and Gandomi, 2011;
Gandomi and Alavi, 2012; Kisi et al., 2012;
Roushangar et al., 2014; Pétrowski and Ben-Hamida,
2017). Johari et al. (2006) used the GP method to
obtain a mathematical model of soil-water characteristic curve considering the effects of some soil physical properties, such as initial void ratio and clay
content. Garg et al. (2015) developed the GP model to
depict the relationship between unsaturated soil
properties and several vegetation-related parameters.
In some cases, the GP model can give a better performance than other machine learning methods. Zhou
et al. (2016) demonstrated that the performance of the
GP model was the best in curve-fitting of soil water
retention properties, comparing with other two machine learning methods, artificial neural network
(ANN) and support vector regression (SVR).
Alemdag et al. (2016) also came to the same conclusion, which refers to that the GP model gave the best
performance by comparison of different deformation
modulus values calculated using different approaches. Prevailing studies related to estimation/prediction
of soil suction are mainly based on soil water characteristic curves (SWCCs), and fewer studies are
performed to estimate/predict field-monitored soil
suction only using vegetation and atmosphere parameters (Johari et al., 2006; Garg et al., 2015). Accordingly, the significance of this study lies in
providing a way to estimate/predict field-monitored
soil suction variations using a set of simple input
variables that are related to soil water content but not
soil water content itself.
In this study, the working principle of GP and
two methods for global sensitivity analysis are
introduced first. Then, a field monitoring test was
performed for quantification of soil parameters and
corresponding local plant and weather parameters.
Based on the settings of variables and parameters for
GP, a simplified statistical model was obtained using
the data collected from the field monitoring for
estimating and predicting soil suction values of in-situ
experiment considering the effects of local plant
coverage and weather. The performance of the
proposed simplified statistical model was evaluated
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based on four accuracy metrics, i.e. the root mean
square error (RMSE), mean absolute percentage error
(MAPE), coefficient of determination (R2), and
relative error. The importance of each input variable
on soil suction was investigated based on two
variance-based global sensitivity analysis methods. A
case study was performed for validating the ability of
the proposed GP model in the estimation and
prediction of the spatiotemporal variations of soil
suction.

2 Methodology
2.1 Genetic programming
GP is an evolutionary algorithm technique based
on Darwin’s theory of “survival of the fittest” (Poli et
al., 2008), and it was invented by Cramer (1985). As a
type of machine learning approach, GP can automatically generate an optimal structured representation
for a set of input/output variables according to user’s
settings of required parameters without any assumption of the solution structure in advance (Johari et al.,
2006; Shahin, 2015). GP programs can be described
using syntax trees, which mainly include functional
and terminal nodes, as shown in Fig. 1 (Cheng et al.,
2020). For different problems, the user can give a
different setting of the functional and terminal modes
according to corresponding requirements.

generated randomly according to parameter settings,
which represents the starting of the modelling by GP.
Then, the generated population can be evaluated according to the fitness function that usually refers to
the error between the fitted and actual output values.
If the performance of the model does not satisfy the
requirement, and it does not reach the maximum
number of the generations, the new population would
be generated by three basic operations: reproduction,
crossover, and mutation. Until the model fitness satisfies the requirement or it reaches the maximum
number of the generations, the GP would not be ended.
A commonly used function for evaluating the performance of a model is the RMSE:
n

RMSE 

PA
i 1

i

2

i

n

(1)

,

where Pi and Ai represent the fitted and measured
values of the ith data point, respectively, and n is the
total number of the data points.
Start
Data preparation
Settings of functional
and terminal nodes
Initialization of population

+

Functional nodes

Fitness evaluation

/

−

Terminate?

Interior nodes
x1

Leaves

4

5

x2

Terminal nodes
GP equation: x1−4+5/x2

Fig. 1 Typical GP syntax tree. Reprinted from (Cheng et
al., 2020), Copyright 2020, with permission from Elsevier

Yes

Stop

No
New generations by
reproduction, crossover,
and mutation

Fig. 2 Working flow chart of GP

2.2 Global sensitivity analysis
The working flow chart is shown in Fig. 2. For a
particular problem, the corresponding data is prepared for model development. The function and terminal settings can be made by the requirements or
trial-and-error method. The initial population can be

In this study, a sensitivity analysis was performed to investigate how different input variables
affect the variations of the output variable, which can
provide a further understanding of the relationships
between independent and dependent variables in a
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computational model. Because the obtained model is
relatively complicated, global sensitivity analysis
(GSA) is a better choice to reflect different sensitivity
indexes over the entire input variable space (Saltelli
and Sobol’, 1995; Saltelli et al., 2010; Cannavó, 2012;
Ni et al., 2018). As one of the GSA methods, the
variance-based sensitivity analysis has been considered as an effective approach to provide not only the
ranking of different variables’ importance, but also
quantitative sensitivity coefficients for revealing the
effect of one variable or the coupled effect of multiple
variables (Dai and Ye, 2015; Ni et al., 2018). With
respect to variance-based global sensitivity analysis,
the Fourier amplitude sensitivity test (FAST) and the
Sobol’ sensitivity analysis are two robust approaches
and were used for global sensitivity analysis in this
study (Cukier et al., 1973; Sobol’, 1990; Cannavó,
2012).
The variance-based global sensitivity analysis
aims to quantify the contribution of each input variable to the total variance of the output variable. It is
assumed that a function y=f(X) describes the relation
between one dependent variable y and the independent variable X, where X is the vector of the m-input
variables, X=(x1, x2, …, xm). The first-order sensitivity
coefficient obtained by variance-based global sensitivity analysis is described as
D ( E ( y | xi ))
Si 
,
D( y )

(2)

where xi is the ith independent variable, and D refers
to variance calculation. The conditional expectation
value E(y|xi) equals the mean value of all possible
values of y that are calculated using all xm (m≠i) except for xi variable. Thereby, the variance calculation
D(E(y|xi)) expresses the conditional variance related
to xi. D(y) represents the total variance of y. Similarly,
the second-order coefficient of variance-based sensitivity analysis is described as
Sij 

D( E ( y | xij ))
D( y )

,

i  j.

(3)

The higher-order sensitivity coefficient can be calculated according to the aforementioned similar regulation. For the global sensitivity analysis calculation,
E(y) can be calculated using the following integral:

E ( y )   m f ( x)dx,

(4)

I

where Im represents the unit hypercube in the
m-dimensional spaces. In order to calculate the integral efficiently, a commonly used decomposition,
analysis of variance (ANOVA), is used as follows
(Cannavó, 2012):
m

f ( X )  f0  



k 1 i1  i2  ik

fi1i2 ik ( xi1 , xi2 ,  , xik ),

(5)

where f0 is the expected value of this function when
the independent variables are uniformly distributed,
and the second term consists of all combinations of k
(k=1, 2, …, m) independent variables.
The integral in Eq. (4) can be calculated using
the FAST method according to the ergodic theorem
(Weyl, 1938). Thus, the variance values are obtained
based on a series of Fourier coefficients as
D{ f i1i2 ik } 
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where Cti ti ti is the Fourier coefficient. Eq. (6) can
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be solved by translating f(X) into the Fourier series as

f (X ) 









   Ct t t e2πj(t x t x t
1 1

t1  t2 

tm 

12

2 2

m xm )

m

, (7)

with Fourier coefficient

Ct1t2 tm   m f ( X ) e 2πj(t1 x1  t2 x2  tm xm ) dX ,
I

(8)

where j is the imaginary unit, and t1–tm refer to different coefficients generated during Fourier translating for different input variables. In Eq. (5), the component fi i i ( xi , xi ,  , xi ) can be substituted by
12

k

1

2

k

the form of Fourier series according to the ANOVA
decomposition method (Cannavó, 2012).
The coefficient of variance-based global sensitivity analysis by the Sobol’ sensitivity (Sobol’, 2001)
is defined as the ratio of one variance to the total
variance:

Si1i2 ik =

Di1i2 ik
D

,

(9)
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where
1
2
D
i1i2 ik  0 f i1i2 ik dxi1 dxi2  dxik ,

m

1
2
2
 D  0 f ( X )dX  f 0    Di1i2 ik .
k 1 i1  i2  ik


(10)

variation of the tree canopy in this monitoring period
(the area of tree canopy varies from 5.998 m2 to
5.975 m2), the radius of tree canopy used in the
following modeling analysis is the mean value of
1.380 m.

Sobol’s global sensitivity analysis can be carried
out integrating with the Monte Carlo method (Kucherenko and Shah, 2007). Detailed calculation procedures can be found in (Sobol’, 1990, 2001; Chan et
al., 2000; Kucherenko and Shah, 2007).

3 Field monitoring

A site covered with trees in Macau, China was
selected for recording the variations of soil suction
and corresponding plant and weather parameters. In
the test site, the selected objective tree is called as
Elaeocarpus apiculatus Master. The soil in the unsaturated zone of the in-situ test site is classified as
well-graded sand (SW) based on the Unified Soils
Classification System (ASTM, 2011). More details
regarding the site information can be found in (Zhou
et al., 2020).
In this study, the data of six monitoring points
labelled as A1, A2, B1, B2, C1, and C2 (Fig. 3) was used
for model development. The six monitoring points
were distributed at different distances, 0.5 m, 1.5 m,
and 3.0 m, from the selected tree and at different
depths, 0.2 m and 0.4 m, and the detailed locations of
them are shown in Fig. 3. Different types of sensors
(soil water potential sensor, soil water content, air
temperature/relative humidity sensor, rainfall gauge,
etc.), data logger, and a drone (Fig. 4) were employed
to quantify the soil parameters and plant and weather
parameters. The data record interval is half an hour.
The monitoring period in this study is from 21st Nov.
2017 to 11th June 2018. In this monitoring period, the
drone was used to take the images of the tree canopy
for two times, on 22nd Dec. 2017 and 19th Mar. 2018.
ImageJ software was employed to quantify the tree
canopy area and its radius, as shown in Fig. 5. The
tree canopy area at different times can be quantified
first, and then the average radius of tree canopy can be
calculated based on the relationship between radius
and area of a circle by assuming that the tree canopy is
circular (Wikipedia, 2019). Due to no significant

Fig. 3 Distribution of six monitoring points considered in
the field monitoring

Fig. 4 Different types of sensors and equipment used

4 Parameter settings
4.1 Variable settings for modeling

This study aims to develop a statistical model for
estimation and prediction of spatiotemporal variations
of soil suction values in drying cycles collected from
the in-situ test under the natural environmental

Cheng et al. / J Zhejiang Univ-Sci A (Appl Phys & Eng) 2020 21(6):462-477

467

and 2.17, respectively, according to the results of
image processing for tree canopy. Three indices,
variance inflation factor (VIF), coefficient of correlation R, and the tolerance T, of each two independent
variables are calculated for multicollinearity evaluation, as shown in Table 1. The evaluation criteria is
VIF=1/T<5, which indicates that there is no multicollinearity problem between different variables
(Kalnins, 2018).
Table 1 Multicollinearity evaluation of input variables
used for drying-cycle model
Variable

Fig. 5 Image processing for the tree canopy area and
radius: (a) operation interface; (b) results of image
processing

conditions. Accordingly, the data of the soil suction in
drying cycles at different distances from the tree
(horizontal direction) and different depths (vertical
direction), and the corresponding influential parameters were selected for the model development. The
measured soil suction values in drying cycles were set
as the dependent variable, y. Initially, some atmosphere and vegetation parameters that affect the variations of soil suction, such as air temperature, relative
humidity, soil temperature, and drying time, were all
considered as the independent variables. In the regression model, the multicollinearity testing was
performed for the selection of input variables by the
variance inflation factor. After multicollinearity estimation for different input variables, five independent variables, initial soil suction (x1), air relative humidity (x2), drying duration (x3), the ratio of the distance from the tree, dist., to the radius of the tree
canopy, r (x4), and the depth (x5), were selected as the
input variables for model development. Among them,
the ratios of the distances from tree to the radius of
tree canopy at six monitoring positions are 0.36, 1.09,

x1 & x2
x1 & x3
x1 & x4
x1 & x5
x2 & x3
x2 & x4
x2 & x5
x3 & x4
x3 & x5
x4 & x5

Multicollinearity diagnostic
R
T
VIF
0.106
0.989
1.011
−0.173
0.970
1.031
−0.359
0.871
1.148
−0.301
0.909
1.100
−0.475
0.775
1.291
0.000
1.000
1.000
0.000
1.000
1.000
0.000
1.000
1.000
0.000
1.000
1.000
0.000
1.000
1.000

Fig. 6 shows the variation curves of the selected
input and output variables for model development.
The soil suction values used in this study include the
selected drying cycles of five time periods of six
monitoring points at different distances from the tree
and different depths. Based on the selected soil suction values of five drying cycles, the corresponding
input variables for each cycle were prepared. For the
six monitoring points of the same time period, the
relative humidity and the drying time are the same, as
shown in Figs. 6b and 6c. It is noted that in order to
better display the drying time, the unit of the drying
time in Fig. 6c is transformed into day, but in model
development, the drying time uses the data with the
unit of hour. The selected drying cycles of five time
periods include a total of 13 620 data values of soil
suction. From Fig. 6f, it can be seen that the soil suction of the monitoring points at the closer distance,
0.5 m, from the tree or at the shallower depth, 0.2 m,
shows more visible variation, and the difference of
soil suction of different monitoring points at a depth
of 0.2 m is more significant.
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Fig. 6 Measurements of input-output variables: (a) initial soil suction (x1); (b) air relative humidity (x2); (c) drying time
(x3); (d) dist./r (x4); (e) depth (x5); (f) soil suction in drying cycles (y)

4.2 Parameter settings for GP

Table 2 Parameter settings of the GP method for model
development (Cheng et al., 2020)

Among the total 13 620 data values, the data of
previous drying cycles of three time periods (the
number of the data is 11 148) was used as the training
data for model development, and the remained data of
drying cycles of two time periods (the number of the
data is 2472) was used as the testing data for testing
the robustness of the obtained model. A toolbox
GPTIPS (Searson et al., 2010) was employed for the
model development based on user’s settings of GP
parameter by a series of GP operations. At a certain
range, more complicated parameter settings of GP
usually provide a model with smaller error, but the
obtained model is usually complicated, which is not
helpful for analysis on relations between variables or
importance of input on output. Accordingly, in this
study, authors tried to find an optimal model with a
simplified structure based on simplified parameter
settings for GP. The parameter settings of the GP
method for model development are shown in Table 2
(Cheng et al., 2020). The probability rates of three
basic GP operations, crossover, mutation, and reproduction, were set for obtaining an optimal model
efficiently (Ackora-Prah et al., 2015; Mehr and
Nourani, 2018). Relevant GP parameter settings are
based on the objective of finding an optimal model

Parameter
Description
Number of runs
20
Population size
1000
Number of generations
300
Max genes
5
Function set
Times, minus, plus, division
Terminal set
[−100, 100]
Reproduction probability rate
0.05
Crossover probability rate
0.85
Mutation probability rate
0.10

with acceptable performance and simplified model
structure by trial-and-error method.

5 Results and performance analysis
5.1 Obtained GP model

Based on the prepared data and parameter settings, a simplified statistical GP model is obtained as
follows:

y

 x3 290.32 
1
6
2.9 10 x1 ( x3  61.13)  
  9.15,
x5 
x2 
 x4
(11)
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where y indicates soil suction (kPa), x1 indicates initial soil suction (kPa), x2 indicates relative humidity,
x3 indicates drying time (h), x4 indicates dist./r, and x5
indicates depth (m). As shown in Fig. 7, the actual
measured values of soil suction in drying cycles are
collected from the field monitoring, and the estimated
values are calculated using the proposed computational model (Eq. (11)). It is obvious that the proposed
GP model has captured the field-monitored soil suction variations in drying cycles of six monitoring
points. The statistical model can provide a reasonable
and reliable estimation of soil suction values.

testing data are illustrated in Fig. 8. Three accuracy
metrics are also applied to the performance evaluation
of the obtained GP model, i.e. MAPE, relative error,
and R2:
MAPE 

1 n Ai  Pi
 100%,

n i 1 Ai

Relative error 


R2  




Pi  Ai
Ai

(12)

 100%,

(13)
2


( Ai  Ai )(Pi  Pi )


i 1
 ,
n
n

( Ai  Ai )2  ( Pi  Pi )2 

i 1
i 1

n

(14)

where Ai and Pi indicate the measured and estimated
values, respectively, Ai and Pi indicate the corresponding mean values of Ai and Pi, and n indicates the
total number of training or testing data points.

Fig. 7 Comparison between measured and estimated
values of soil suction in drying cycles at six monitoring
points: (a) depth of 0.2 m; (b) depth of 0.4 m

5.2 Performance analysis

The results of performance evaluation for the
obtained drying-cycle model on the training and

Fig. 8 Performance evaluation of the obtained computational model: (a) training data; (b) testing data
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As shown in Fig. 8, the closer the data point is to
the diagonal line, the better the performance of GP
model is. The coefficients of determination on training and testing data are 0.9451 and 0.9459, respectively, which means that the selected independent
variables can provide a good estimation of soil suction variation. The calculation results of RMSE and
MAPE indicate that the obtained GP model (Eq. (11))
can be used for estimating the soil suction variations
collected from an in-situ test with acceptable errors.
The analysis of relative error for training and
testing data of six monitoring points is shown in Table 3. The relative errors on training and testing data
of six monitoring points range from 0.004% to
112.463% and from 0.008% to 258.646%, respectively. However, the average values of relative errors
on training and testing data of six monitoring points
are not larger than 35.454%, which demonstrates that
the obtained GP model has grasped the fundamental
variation regulation of soil suction in drying cycles
with acceptable errors.
Table 3 Relative error analysis
Point
A1
B1
C1
A2
B2
C2

Index
Training data
Testing data
Training data
Testing data
Training data
Testing data
Training data
Testing data
Training data
Testing data
Training data
Testing data

Relative error (%)
Min.
Max.
Mean
0.023
112.463
27.247
0.008
42.718
18.240
0.005
80.290
19.696
7.142
258.646
35.454
0.014
99.869
18.248
0.124
183.276
31.910
0.014
71.881
15.678
0.015
67.619
20.590
0.004
46.502
15.007
0.082
161.518
34.608
0.005
65.719
27.776
0.062
49.500
16.276

sensitivity method (Chan et al., 2000). For FAST
method, the importance of five input variables on the
output variable for the drying-cycle model is ranked
as follows: drying time (x3)>initial soil suction (x1)>
dist./r (x4)>relative humidity (x2)>depth (x5), while
for the Sobol’ method, the rank is drying time
(x3)>initial soil suction (x1)>relative humidity (x2)>
depth (x5)>dist./r (x4). The analysis results confirmed
the drying time as the most important independent
variables for estimation and prediction of the soil
suction values in drying cycles based on the obtained
model using measured data in this field monitoring
test. According to comparative analysis, for soil suction variations, the initial soil suction is the second
most important parameter. Although the sensitivities
of the other three input variables, relative humidity
(x2), dist./r (x4), and depth (x5), are different from two
different methods, the values of sensitivity indices are
approximately 4%. These three input variables give a
similar contribution to the variance of the output
variable, which is also nonnegligible. Especially, the
results of the sensitivity analysis are only reasonable
for the formula developed by GP based on user’s
settings of variables in this study. It is obvious that the
soil suction variation in drying cycles is dependent on
time. The initial suction is quite different between
different monitoring points, which causes an important influence on soil suction variation. In fact, the

5.3 Sensitivity analysis

The global sensitivity analysis using aforementioned two approaches was performed to analyze the
importance of each independent variable to the dependent variable. A program toolbox (Cannavó, 2012)
was employed for calculation of the relevant sensitivity indices. From Fig. 9, it is obvious that the FAST
method gives almost the same results with the Sobol’

Fig. 9 Global sensitivity analysis with the FAST and
Sobol’ sensitivity methods for the obtained computational
model: (a) FAST method; (b) Sobol’ sensitivity method
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larger the difference between different initial suction
is, the greater the effect of initial suction is, which is
dependent on the selection of starting time of each
drying cycle, and the effect of initial suction is closely
related to the plant-related factors.
5.4 Spatiotemporal prediction of soil suction

The proposed GP model in this study formulates
the relations between soil suction and selected five
input variables that include the drying time (x3) and
the depth from the ground surface (x5), and therefore
it is able to estimate and predict soil suction changes
with time in a certain spatial range around a tree under
natural environmental conditions. In order to validate
the feasibility and reasonability of the application of
the proposed GP model for estimation and prediction
of the spatial distribution of soil suction in different
drying times, a case study is conducted based on a set
of assumed values for input variables for the obtained
mathematical GP model. Table 4 shows the assumed
settings of five input variables in this case study. Total
20 monitoring points at different distances from the
tree, 0.2 m, 0.5 m, 1.5 m, 3.0 m, and 5.0 m (the corresponding ratios of dist./r are 0.14, 0.36, 1.09, 2.17,
and 3.62) and at different depths, 0.1 m, 0.2 m, 0.4 m,
and 0.6 m, are considered in the case study. The initial
value of soil suction in each drying cycle is set as
10 kPa, and the relative humidity varies from 0.822 to
0.791 in assumed 30-d drying period. Based on the
assumed settings of five input variables, the spatiotemporal variations of soil suction in drying cycles
with time (30-d drying period) at different spatial
locations around a tree can be estimated and predicted
using the obtained GP model, as shown in Fig. 10.
The linear interpolation method is used for obtaining
a continuous variation of soil suction at different
spatial locations. It is obvious that for the same time,
the closer the distance from the tree is in the horizontal and vertical directions, more visible increase
the estimated/predicted soil suction has.
Table 4 Assumed settings of input variables
Input variable
x1 (kPa)
x2
x3 (d)
x4
x5 (m)

Assumed value
10
0.822–0.791
0–30
0.14, 0.36, 1.09, 2.17, 3.62
0.1, 0.2, 0.4, 0.6

Estimated soil suction (kPa)
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0
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Fig. 10 Estimated soil suction using the obtained model
based on a set of input values

Fig. 10 includes 11 three-dimensional curved
surfaces of different drying times (0–30 d, the interval
is 3 d) obtained using the GP model based on aforementioned set of input variables. Among them, the
cross-sections of four different drying times (3 d, 12 d,
21 d, and 30 d) are selected for a better analysis of
spatiotemporal variations of soil suction around a tree
(Fig. 11). The soil suction increases with drying time,
and the soil suction is larger than 1200 kPa after 30 d.
It can be seen that the dividing lines between different
colors used for different-level soil suction value bulge
towards the tree and ground surface, which indicates
that if the location is closer to the tree or shallower,
the soil suction becomes larger under the same other
conditions, while at the locations away from the tree
or at deeper locations, the soil suction value is smaller.
In drying cycles, the soil suction is mainly affected by
the tree root water uptake and the evaporation, and the
calculated results show a coincidence with existed
studies related to the relationship between root water
uptake and depth (Landsberg, 1999; Sun et al., 2011;
Guo et al., 2016).
If it is assumed that the effect of the tree on soil
suction at same distances in the horizontal direction of
360° is the same and the soil physical parameters at a
certain site around the tree is also the same, the spatial
distribution of soil suction around a tree can be obtained. As shown in Fig. 12, the spatial distributions
of estimated soil suction in four selected drying times
(3 d, 12 d, 21 d, and 30 d) are given. In addition, based
on the obtained GP model, the soil suction at any
location and in different drying times in principle can
be estimated. However, the obtained GP model is
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Fig. 11 Cross-section for estimated soil suction in different drying times: (a) 3 d; (b) 12 d; (c) 21 d; (d) 30 d

developed using the data of six monitoring points
(at different distances from the tree, 0.5 m, 1.5 m, and
3.0 m (the corresponding ratio of dist./r is 0.36, 1.09,
and 2.17), and at different depths, 0.2 m and 0.4 m). In
this monitoring range, the estimated and predicted
values of soil suction are more credible. For the estimated values outside that range, it is necessary to
conduct a validation. Besides, the effect range of the
tree needs to be considered. Accordingly, if there is a

Fig. 12 Three-dimesional profiles of estimated soil suction
in different drying times: (a) 3 d; (b) 12 d; (c) 21 d; (d) 30 d

need of better estimation/prediction of soil suction in
a larger range, the GP model needs to be improved by
model training using more data collected from different locations and at different times, and even several models need to be developed and integrated for
estimation/prediction of soil suction with regard to
more complicated environmental conditions.

Cheng et al. / J Zhejiang Univ-Sci A (Appl Phys & Eng) 2020 21(6):462-477

6 Conclusions

Based on the data collected from a field monitoring test from 21st Nov. 2017 to 11th June 2018 in
Macau, a simplified statistical model is developed by
a machine learning method, GP, for estimating the
spatiotemporal variations of soil suction in drying
cycles around a tree using selected five influential
parameters. The capability of the proposed GP model
for estimating soil suction was thoroughly analyzed
by different accuracy metrics. The global sensitivity
analysis methods are proposed to analyze the importance of each input variable on output variable.
Besides, the reliability and feasibility of the obtained
GP model in estimation and prediction of spatiotemporal variation of soil suction in drying cycles are
validated by a case study based on a set of assumed
input variable values. There are some meaningful
observations in this study which are presented as
follows:
1. The machine learning method GP can efficiently generate an optimal computational model
based on user’s settings of parameter for GP and the
variables. Comparison with some other machine
learning methods, the GP method can generate an
explicit mathematic formula expressing the relationships among different variables. Four accuracy metrics, i.e. RMSE, MAPE, R2, and relative error, indicated a good coincidence of measured values and
estimated values of soil suction.
2. The variance-based global sensitivity analysis
results depicted the drying time as the most important
variable and the initial soil suction as the second most
important variable. The other three variables, i.e. the
relative humidity, the ratio of the distance from the
tree to the radius of the tree canopy, and the depth,
also give the certain effects on soil suction variations,
which cannot be ignored. However, the results of the
sensitivity analysis are only reasonable for the formula developed by GP based on user’s settings of
variables in this study. Especially, the initial suction is
quite different between different monitoring points,
which causes an important influence on soil suction
variation. If the difference among different initial
suction is larger, the effect of initial suction is greater,
which is dependent on the selection of the starting
time of each drying cycle.

473

3. Based on the results of a case study, it is validated that the closer to the tree or the shallower the
location is, the soil suction becomes larger under the
same other conditions, while at the locations away
from the tree or at deeper locations, the soil suction
value is smaller. The results indicate the plant can
speed up the increase of soil suction. This study has a
limitation on the effect of vegetation and weather
factors on soil suction, because less vegetation and
weather parameters are considered in model development. It can be concluded that the proposed statistical model developed by a machine learning method,
GP, possesses the ability and feasibility of predicting
the spatiotemporal variations of soil suction in rooted
soil.
This study encourages the application of machine learning approach in property assessment of
green geotechnical infrastructure. The proposed GP
model indicates a potential to be used as a helpful tool
for an assessment of soil parameter variations in
rooted soil. In future, more work should be done on
how to make a more comprehensive and accurate
analysis of vegetation and atmosphere factors on
field-monitored soil suction variations using machine
learning methods by considering more parameters
that are related to vegetation/atmosphere and how to
make a reasonable parameter optimization.
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中文概要
题

目：基于机器学习算法估算根系土体特性的时空响应

目

的：在绿色岩土工程中，浅层土体特性通常受到当地
气候和覆盖植被的影响。本文旨在探讨自然环境
条件下不同植物和大气因素（与树的距离、空气
湿度和距离地表的深度等）与土体基质吸力的关
系，通过一种机器学习方法建立简化的统计模
型，并对浅层根系土体中基质吸力的时空变化进
行估算和预测。

创新点：1. 通过一种机器学习方法（即遗传编程算法）建
立土体基质吸力和五个选定的影响因素之间的
关系；2. 根据建立的统计模型，有效地预测了根
系土体内基质吸力的时空变化。
方

法：1. 通过现场监测实验（图 3 和 4），量化土体基质
吸力和不同影响参数随时间的变化（图 5 和 6）；
2. 通过机器学习算法，构建土体基质吸力的时空
变化与五个选定的影响参数之间的关系，得到一
个简化的统计模型（公式(11)）；3. 通过误差分析，
验证该简化统计模型在估算和预测土体基质吸
力时空变化时的可靠性；4. 通过敏感性分析研究
不同参数对土体基质吸力时空变化的影响（图
9）；5. 通过案例研究，验证利用该方法对根系土
体基质吸力时空变化进行预测的可行性（图 11
和 12）。

结

论：1. 遗传编程算法可以有效地建立土体基质吸力和
不同影响参数之间的关系，并能给出相应的数学
公式以对土体基质吸力的时空变化进行可靠的
估算和预测；2. 基于方差的全局敏感性分析方法
发现干循环时间和初始基质吸力对土体基质吸
力的时空变化有重要影响，而且其他的植物和大
气相关参数对土体基质吸力的时空变化也有不
可忽视的影响；3. 案例研究结果表明，本文所提
方法可用于预测土体基质吸力的时空变化。

关键词：遗传编程；简化的统计模型；时空变化；土体基
质吸力

