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Abstract
Peak shear strength of soil-Geocomposite Drain Layer (GDL) interfaces is an important parameter in the designing and
operating related engineering structures. In this paper, a database compiled from 316 large direct shear tests on soil-GDL
interfaces has been established. Based on this database, five different machine learning models: Back Propagation Artificial
Neural Network (BPANN) and Support Vector Machine (SVM), with hyperparameters optimised by Particle Swarm Optimisation Algorithm (PSO) and Genetic Algorithm (GA), respectively, and Extreme Learning Machine (ELM) optimised by
Exhaustive Method, were adopt to assess the peak shear strength of soil-GDL interfaces. Then, a comprehensive investigation
and comparison of the predictive performance for the models was conducted. Also, based on the selected optimal machine
learning model, sensitivity analysis was conducted, and an empirical equation developed based on it. The research indicated
that GA and PSO could significantly increase forecasting precision in a small number of iterations. The BPANN model
optimised by PSO has the highest forecasting precision based on the statistics criteria: Root-Mean-Square Error, Correlation
Coefficient, Coefficient of Determination, Wilmot’s Index of Agreement, and Mean Absolute Percentage Error. The normal
stress has the biggest impact on the peak shear strength, followed by drainage core type, moisture saturation of the soil layer,
shearing surface, soil type, consolidation condition, geotextile specification, soil density and drainage core thickness, and
the ranking is affected partly by the data distribution of input parameters in the database based on mechanism analysis. An
empirical equation developed from the optimal model was proposed to estimate the peak shear strength, which provides
convenience for geotechnical engineering personnel with limited knowledge of machine learning technique.
Keywords Geosynthetics · Geocomposite drainage layer · Soil–Interface shear strength · Machine learning algorithm ·
Optimisation algorithm

Introduction
Geocomposite Drainage Layers (GDL) are increasingly
applied in extensive geotechnical and geoenvironmental
applications [1–3]. GDLs can replace the need for graded
sand and gravel to effectively drain excess water and reduce
pore water pressure, improving the stability of engineering
* Gary Fowmes
Z.Chao@warwick.ac.uk
1

School of Engineering, University of Warwick,
Coventry CV4 7AL, UK

2

School of Engineering, Monash University Malaysia, Jalan
Lagoon Selatan, Bandar Sunway, Selangor Darul Ehsan,
Malaysia

projects [4]. Particularly for GDLs utilised in the capping
and lining systems of landfills, they can also provide separation and reinforcement functions and perform as a capillary break to prevent the migration of contaminated water
and gas produced from the waste [5]. In practical engineering, GDLs are commonly installed underneath cover soil
above containment facilities, and the interface shear strength
between GDL and cover soil governs the stability of the
system [6].
Previously, many series of laboratory tests have been
conducted to determine the shear strength along soil-GDL
interfaces [7–11]. However, soil-GDL interface testing is
expensive and time-consuming. Also significantly, in real
engineering projects, the specific materials to be used on
site are usually selected well after the design stage. This
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allows a better pre-estimate of interface shear strength
before the specific materials are determined.
Accurate forecasting models that can evaluate the shear
strength of soil-GDL interfaces can substantially overcome many of the existing challenges. Due to the complex mechanism of soil-GDL interaction and the multiple
influence variables of the shear strength along soil-GDL
interfaces, it is difficult for the simplified empirical models
established by adopting traditional statistical methods to
adequately present the complicated non-linear relationship
between the variables that influence the interface shear
strength. This has driven the search for reliable methods
with high accuracy to forecast the shear strength of soilGDL interfaces.
With the advance of computer science, the machine
learning-based approach has attracted considerable scientific attention and has been extensively adopted in geotechnical engineering to model complex non-linear relationship
between multi-inputs and outputs [12–16]. Pham et al. [17]
applied Particle Swarm Optimisation (PSO) -Adaptive Network based Fuzzy Inference System (PANFIS), Genetic
Algorithm (GA)—Adaptive Network based Fuzzy Inference System (GANFIS), Support Vector Regression (SVR),
and Artificial Neural Networks (ANN), to predict the shear
strength of soft soil. Their results show that the forecasting
performance of the machine learning algorithms is satisfactory. Qi et al. [18] put forward five machine learning models including logistic regression (LR), multilayer perceptron
neural networks (MLPNN), decision tree (DT), gradient
boosting machine (GBM), and SVR, optimised by adopting
firefly algorithm (FA), to predict the stability of hanging
walls, and the research denotes that the estimating accuracy
of the models is appreciated. Ceryan et al. [14] compared the
performance of ANN, and SVR with different kernel functions in assessing the tensile strength of rock, and concluded
that SVR with the least squares kernel function is more powerful in predicting the tensile strength. Overall, based on the
aforementioned analysis, machine learning techniques are
efficient for describing the non-linear relationship in multivariable problems.
Compared to other topics in geotechnical engineering, the
application of machine learning approaches in evaluating
the peak shear strength along soil-geosynthetics interfaces
is rare. Debnath and Dey [19] proposed an ANN model to
predict the shear strength of cohesive soil-geosynthetics
interfaces based on the input parameters: dry density and
moisture content of soil, normal stress, adhesion and frictional angle of the soil-geosynthetics interfaces. It is necessary to optimise the algorithms to increase the forecasting
precision of machine learning models and conduct comprehensive investigations and compare the applicability for different machine learning algorithms to assess the peak shear
strength of soil-GDL interfaces.
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In this paper, a comprehensive investigation and comparison of the applicability for five different machine learning
models including, Backpropagation Artificial Neural Network (BPANN) and Support Vector Machine (SVM), with
hyperparameters optimised by Particle Swarm Optimisation
Algorithm (PSO) and Genetic Algorithm (GA), respectively, and Extreme Learning Machine (ELM) optimised by
Exhaustive Method, in estimating the peak shear strength of
soil-GDL interfaces was conducted. Also, the relative significance of influence factors to the peak shear strength was
analysed. After that, an empirical equation for assessing the
peak shear strength was proposed to facilitate the peak shear
strength prediction for geotechnical engineering personnel
with limited knowledge of machine learning technique.

Machine Learning Algorithms
and Optimisation Algorithms
This paper employs three types of machine learning algorithms, namely, BPANN, SVM and ELM. For optimizing
the algorithms, PSO and GA have been adopted. Among
the various positive aspects of employing these algorithms,
three key advantages can be highlighted.
1. They are mature and have standard procedures for the
application [20].
2. Their widespread applicability in solving the issues of
geotechnical engineering [21, 22].
3. They can accurately model the complex non-linear relationship between multiple independent variables and
dependent variables [23].
A brief introduction and basic specifications of the
employed machine learning and optimisation algorithms
are presented below.

BPANN
Backpropagation Algorithm was the most popular algorithm
adopted to build ANN models [24–26]. The BPANN model
developed in the research is composed by an input layer
for nine input parameters, a hidden layer for nine joints
determined by the exhaustive method and an output layer,
which outputs one output parameter (Fig. 1). Hyperbolic
Tangent Sigmoid Transfer Function was utilised as the activation function in the proposed BPANN models with Levenberg–Marquardt Backpropagation Algorithm as the network
training algorithm. Also, the initial weights and thresholds
of each joint in the constructed BPANN model were optimised by GA and PSO, respectively.
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Fig. 1  The structure of BPANN developed to predict

SVM
SVM is based on the structural risk minimization principle
and the maximum margin principle to conduct regression
operations [27] that employ limited specimen data to establish the optimal regression models [28]. Another advantage
of SVM is that it can use the kernel function to project the
specimen data in a low-dimensional space to a high-dimensional space to convert non-linear issues to linear issues,
reducing computational cost and difficulty [29]. In this
research, the penalty parameter g and c of kernel function
were optimised by PSO and GA.

ELM
ELM has the similar structure with feedforward ANN, which
is an efficient and time-saving tool to establish the complex
relationship between multiple input and output parameters
[30]. Compared to traditional ANN algorithms, ELM has
better generalisation capability and high predictive precision. It is also able to avoid the drawbacks of traditional
machine learning algorithms, such as local minima, slow
regression speed, etc. [31]. For ELM, the number of hidden
layer joints greatly impacts on its predictive performance
[32]. Hence, in this research, the hidden layer joint number
for the ELM model was determined as 53 by the exhaustive
method, with input layer joint number 9 and output layer
joint number 1. Additionally, Logarithmic Sigmoid Function
was adopted as the activation function.

GA and PSO
GA is a heuristic population optimisation algorithm that
adopts the principle of natural evolution in the algorithm
[33]. GA selects individuals using the operations, including
selection, cross and mutation, to retain individuals with a
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large fitness value and eliminate those with a small fitness
value. The new generation has a higher fitness value compared to that of the previous one.
PSO is another heuristic population optimization algorithm, originating from the predation behaviour of birds. In
PSO, every particle among the population stands for a possible solution to the targeted issue. The particle’s velocity controls their motion, which is regulated by the particle’s and
other particles’ motion experience to achieve the optimum
individual solutions in the solution space, respectively, and
through continuous iterations, finally achieving the optimal
solution for the targeted issue [34].

Hyperparameters Optimization
All machine learning algorithms have several crucial hyperparameters that can influence their predictive performance
significantly [35]. Thus, optimising the hyper-parameters
of machine learning algorithms before conducting training
operation is needful. In this research, GA and PSO were
employed to optimise the hyperparameters for the established BPANN and SVM models, using Root-Mean-Square
Error (RMSE) (Eq. 1) as the fitness function. Previous
researchers have demonstrated that GA and PSO are more
capable of enhancing the machine learning models’ forecasting accuracy than other intelligence algorithms [36–38].
√
∑n (yi − fi )2
(1)
RMSE =
i=1
n
where, n is the specimen data number, yi is measured data,
fi is forecasting value.
The detailed procedure of employing GA and PSO to
optimise the machine learning models is in the following
contents: (1) stochastically produce individuals/particles
composed of diverse hyperparameter values (2) calculate the
fitness value of the individuals according to fitness function
(RMSE) through calling the counter machine learning model
(3) conduct corresponding operations on the individuals/
particles (4) compute the individual/particle’s fitness value
again (5) rerun Step 3 and Step 4 until reaching the predetermined ending conditions (6) take the individual/particle
having the smallest RMSE value as the optimal individual/
particle, and take the optimal individual/particle’s hyperparameter values as the initial hyperparameter values of the
built machine learning models (7) train the machine learning
models, and carry out prediction, the specific optimising
procedure being presented in Fig. 2, the detailed parameter
specifications of GA and PSO as tabulated in Table 1.
In this case, the individuals/particles’ fitness value in
GA and PSO was attained by adopting k-fold cross-validation method (k-CV) in hyperparameter optimisation. k-CV

13

60

Page 4 of 19

International Journal of Geosynthetics and Ground Engineering

(2021) 7:60

Fig. 2  The flow chart of GA and PSO optimising
Table 2  The optimum hyperparameters values of the algorithms

Table 1  The parameters of GA and PSO
Parameters

GA

PSO

The maximum iteration number
Population size
Possibility of crossover
Possibility of mutation
Inertia weight
Acceleration factor c1
Acceleration factor c2
The maximum position of individuals
The minimum position of individuals
The maximum speed of individuals
The minimum speed of individuals
Fitness function

20
100
0.4
0.2
×
×
×
×
×
×
×
RMSE

20
100
×
×
0.6
1.49
1.49
5
−5
1
−1
RMSE

is an extensively adopted method to validate the machine
learning models, In k-CV, the original data are divided into
k equal groups. The training of machine learning models
is based on k − 1 groups, while the validating is conducted on the remaining group. The training and validating
process is repeated k times with different groups as the
testing dataset. The average value of the k times forecasting precision is finally adopted as the performance index
[39]. In the paper, the training dataset of the established
database was utilised as the original data to conduct the
k-CV operation on the machine learning models to obtain
the indicator value of predicted accuracy (RMSE), and
k was taken as 10 considering the database size and the
recommendation in literatures [40]. The optimum values
of hyperparameters for the machine learning models and
corresponding optimising ranges were listed in Table 2.
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Type

Optimised method

Hyperparameter

BPANN GA and PSO

− 3 to 3
− 3 to 3
1–100

SVM

2–5–25
2–5–25
1–100

ELM

Initial weights of joints
Initial threshold of joints
Exhaustive method The number of hidden layer
joints
GA and PSO
Penalty parameter c
Penalty parameter g
Exhaustive method The number of hidden layer
joints

Range

Methodology
Establishment of Database
The database adopted in this paper for the intelligent modelling was obtained from 316 large direct shear tests on
soil-GDL interface conducted by the authors, the manufacturer [41] and Othman [6, 42].
All of the GDLs comprising the interfaces within the
database were produced by the same manufacturer. The
GDL comprises a single cuspate HDPE (High Density Polyethylene) drainage core with a medium weight non-woven
needle-punched and heat-treated staple fibre polypropylene geotextile filter thermally bonded on the dimple side
and a lighter geotextile on the flat side or only a medium
weight geotextile on the dimple side, as shown in Fig. 3.
There are two types of different drainage cores: continuous
drainage core and drainage core with cut-outs, which are
adopted for the GDL, as shown in Fig. 4, with the thickness ranging from 4 to 7 mm. For the bonded geotextiles,
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Fig. 3  Cross section of drainage core

Fig. 4  Plan view of drainage
core

Table 3  The specific properties of the geotextiles
Parameters

Dimple side

Flat side

Thickness (mm)
Tensile strength (kN/m)
Pore size O90 (μm)
CBR puncture resistance (n)
Dynamic perforation cone drop (mm)

1.75
20
70
3400
17

1.2
9.5
120
1600
32

on the dimple side of the drainage core, the thickness of
the geotextile is 1.75 mm, and on the flat side, the thickness is 1.2 mm. Additionally, some GDLs are only bonded
with geotextiles on the dimple side. The geotextiles were
produced from the same manufacturer, the typical properties of the geotextiles as tabulated in Table 3.

The tests employed broadly categorised soils of three
types: clay, sand and gravel. The density and moisture saturation of the soils range from 1.36 to 2.01 g/cm3 and 0% to
100%, respectively.
The interface peak shear strength of soil-GDL interfaces,
under different normal stress ranging from 5 to 400 kPa,
was measured utilising the large (~ 300 mm) direct shear
apparatus. Most tests adopt the dimple side of GDL as the
shearing surface during the experiments, while some tests
used the flat side of GDL as the shearing surface. In several
tests, the soils were consolidated for 24 h before shearing,
while in the remaining tests, the soils were sheared directly
after applying normal stress. The other operational procedures were the same, including: fixation method of GDL,
loading method and external environmental factors such as
test temperature and humidity. In this case, most tests were
implemented in dry condition. For the tests conducted in
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submerged condition, the influence of submerged condition
is reflected on the value of moisture saturation for soil, taking their moisture saturation as 100%.
Among the 316 tests, 107 tests were excluded since they
lack a complete set of input parameters. The information of
the remaining 209 tests was compiled and arranged to establish the database with 209 data groups. Each data group consists of nine input parameters: soil type (T), soil density (D),
moisture saturation of soil (W), normal stress (𝜎n ), shearing
surface (dimple side or flat side) (F), thickness of drainage core (TH), type of drainage core (continuous drainage
core or drainage core with cut-outs) (TY), geotextile specification (bonded on both sides or only dimple side) (GE),
and consolidation condition (C). A single output parameter: peak shear strength (𝜏 ) was adopted. The parameters
were selected following the literature to have high impacts
on the peak shear strength of soil-geosynthetic interfaces
[20, 43, 44]. The statistics parameters of the selected input
and output parameters, value range of input parameters, and
data type are tabulated in Table 4. Figure 5 presents the
data distribution of the compiled database. In Fig. 5, x axis
represents input parameter values, and y axis represents the
corresponding data group numbers in the database. In this
study, the machine learning models were established using
Matlab software. In the Matlab modelling script, the nominal variables were digitalised and categorized for training
and testing the machine learning models. The corresponding
digitalised values of the nominal variables have been specified in the brackets after the nominal variables, respectively,
as presented in Table 4.

Data Pre‑Processing
In supervised learning, the database needs to be divided into
two sub-datasets: the training dataset for model training,

(2021) 7:60

hyperparameter optimising, and model validation, and the
testing dataset for verifying the predictive performance of
models. The dividing ratio of the database influences the
forecasting performance of models. The dividing ratio was
determined after conducting optimisation analysis based on
the recommendations in the existing literature to improve
generalisation capability and avoid overfitting [19]. As
such, the training and testing datasets comprise 80% (168
groups) and 20% (41 groups) of the whole database, respectively. Since the dimension of input parameters is various,
the training duration and the forecasting precision may be
influenced. To enhance the machine learning models’ predictive precision and efficacy, normalisation is conducted
adopting Eq. (2).

xNormalised =

2(x − xmin )
−1
xmax − xmin

(2)

where, xNormalised and x is normalized value and original
value, respectively, xmin and xmax is the minimum and maximum value, respectively.

Performance Evaluation Methods
During the machine learning modelling, the k-CV was initially adopted to validate the goodness of fit for the machine
learning models based on the training dataset, with k set as
10. Then, testing dataset was used to assess their forecasting
precision.
The performance of the proposed machine learning models was evaluated by three indexes:
(i)

RMSE: RMSE can represent the standard errors
between forecasting values and measured values. The

Table 4  The statistical parameters
Parameter

Kind

Minimum
Testing

Input
Soil density
Moisture saturation of soil
Normal stress
Thickness of drainage core
Soil type
Shearing surface
Type of drainage core
Geotextile specification
Consolidation condition
Output
Shear strength

13

Numeric

Maximum
Training

Testing

Mean
Training

Testing

Standard deviation
Training

Testing

Training

Nominal

1.49
1.36
2.01
2.01
1.87
1.71
0.16
0
0
100
100
82.49
61.66
30.76
0
0
60
100
27.93
25.36
14.81
4
4
9
9
5.43
5,10
1.38
Clay (1), sand (2), gravel (3)
Flat side (1), dimple side (2)
Continuous drainage core (1), drainage core with cut-outs core (2)
Both sides bonded with geotextiles (1), only the dimple side bonded with geotextile (2)
Consolidation for 24 h (1), non-consolidation (2)

Numeric

8.9

5.5

55.8

78.14

21.53

27.70

10.05

17.94

0.25
34.48
34.30
1.21
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Fig. 5  Data distribution of the complied database

lower the RMSE represents the more precise the algorithm, which is defined as expressed in Eq. (1).
(ii) Correlation Coefficient (R): R reflects how well the
association is between the variation in predictive values
and the measured values. The R value ranges from − 1
to 1, in which − 1 represents a totally negative correlation and 1 represents a totally positive correlation. R is
defined as shown in Eq. (3) [45].

R(fi , yi ) = √

cov(fi , yi )
[ ] [ ]
var fi var yi

where, cov(, ) is covariance, var[] is variance.

(3)

(iii) Mean Absolute Percentage Error (MAPE): MAPE is
a dimensionless index to assess the predictive precision of models. The closer MAPE is to 0, the better
the predictive performance obtained by the model. The
definition of MAPE is expressed in Eq. (4).

MAPE =

100% ∑n ||yi − fi ||
i=1
n
yi

(4)

(iv) Coefficient of Determination (R2): R2 reflects how well
the predicted value be close to the real value. R2 ranges
0 to 1. An R2 of 1 means the perfect fitting between the
predicted value and real value. The definition of R2 is
shown in Eq. (5) [46].
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R = 1 − ∑i=1
n
2

(yi − fi )2

i=1

(5)

(yi − y)
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where, y is the average measured value.
(v) Wilmot’s Index of Agreement (WI): WI is a standardized index to reflect the predictive accuracy of established models and changes between 0 and 1. A WI of 1
manifests a perfect agreement between predictive values and real values and a WI of 0 manifests no match
at all. The definition of WI is shown in Eq. (6) [47, 48].
∑n
(y − fi )2
i=1 i
WI = 1 − ∑n
(6)
(�f − y�� + ��yi − y��)2
i=1 � i

Results and Analysis
Results of Hyperparameter Optimisation
The optimum BPANN and ELM hidden layer joint numbers
were ascertained by the exhaustive method, with RMSE as
the accuracy indicator, being presented in Fig. 6.
According to Fig. 6, the RMSE of the BPANN models
and ELM models with diverse joint numbers has relatively
large difference, ranging from 42.99 to 11.04 and 913.51
to 4.46, respectively. For the BPANN algorithm, the model
with nine hidden layer joints has the least RMSE. In terms
of the ELM algorithm, 53 is the optimal number of hidden
layer joint.
The optimisation processes of BPANN model adopting
GA and PSO, respectively, are presented in Fig. 7.

60

Based on Fig. 7, for both of the BPANN model and the
SVM model, their RMSE decreases considerably with the
rise in iteration number utilising GA and PSO algorithms,
respectively. It indicates that GA and PSO are powerful in
optimising the hyperparameters of the established BPANN
and SVM models, which is able to improve the forecasting
precision of the established machine learning models markedly with satisfactory efficacy. More specifically, the optimisation effects on the machine learning models adopting
PSO is larger than that of GA, with higher optimising magnitude and efficiency. For example, when PSO was used, the
RMSE of BPANN and SVM models becomes stable at the
13rd and 16th iteration number, with value 3.68 and 5.23,
respectively, while for GA, the RMSE stabilises at the 19th
and 19th iteration number, with value 3.98 and 6.99, respectively. When the predetermined maximum iteration number
was reached, the hyperparameters of the optimal individual/
particle that has the smallest RMSE value in the population
were taken as the initial parameters of the BPANN model
and SVM model, respectively, as shown in Table 1.

Comparing the Forecasting Performance
The performance on predicting the training and testing datasets is shown in Figs. 8, 9, 10, 11, and 12.
Based on Figs. 8, 9, 10, and 11, PSOBPANN has the
highest forecasting precision among the established models
on predicting the training dataset on the basis of the statistics indexes. More specifically, PSOBPANN achieved the
lowest RMSE (3.69) and MAPE (8.61%) and the highest
R2 (0.95), WI (0.99) and R (0.96). Additionally, overall, the
forecasting accuracy of BPANN models is better than the
SVM models. For example, the GABPANN model has 0.56
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Fig. 6  Optimisation processes by the exhaustive method
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Fig. 7  The optimisation process by adopting GA and PSO

lower RMSE, 7.39% lower MAPE and 0.06 higher R than
those of GASVM. Moreover, the machine learning algorithms optimised by PSO have better performance than those
optimised by GA. For instance, the PSOSVM model has
0.11 lower RMSE, 1.07% lower MAPE and 0.04 higher R
that those of GASVM.
In terms of the predictive capability for the testing dataset, based on Figs. 9, 10, 11, and 12, it can be seen that the
BPANN model optimised by PSO has the highest accuracy
in forecasting the peak shear strength of soil-GDL interfaces,
with RMSE of 4.13, MAPE of 11.10%, R2 of 0.93, WI of
0.98, and R of 0.94, and the performance of GABPANN is
poorer than that of PSOBPANN, with RMSE of 6.37, MAPE
of 19.19% R2 of 0.87, WI of 0.96 and R of 0.93. Additionally, as with the estimating results in training dataset, the
assessing accuracy of the BPANN models is higher than

13

those of SVM models, and the optimisation performance of
PSO is superior to GA.

Sensitivity Analysis of the Influence Variables
Sensitivity analysis was conducted to investigate the relative
significance of the input variables to the peak shear strength
of soil-GDL interfaces. Since the BPANN model optimised
by PSO was considered as the most successful model in forecasting the peak shear strength, the PSOBPANN model was
adopted to conduct sensitivity analysis in this paper. The relative importance of the input parameters for the established
PSOBPANN model was evaluated adopting Garson’s algorithm that has been widely applied in geotechnical engineering to assess the variable contribution [49, 50]. Garson [51]
proposed Garson’s Algorithm, later modified by Goh [52],
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Fig. 8  The R values of the models for training dataset
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Fig. 10  The MAPE values of the models

for determining the relative importance of input parameters
to a network. The equation of Garson’s Algorithm is shown
in Eq. (7). The relative importance of the input parameters
is plotted in Fig. 13.

� ∑N � �
�
(�Wij Wjk �∕ r=1 �Wrj �)
� �
�
�
Rik = ∑ ∑
�
� ∑N � �
L
N
( W W ∕ r=1 �Wrj �)
j=1 �� ij jk ��
i=1
� �
∑L

j=1

(7)

where Rik is the relative importance of input parameters,
Wij,Wjk are the connection weights of the input layer-hidden
layer and the hidden layer-output layer, i = 1, 2, …, N, k = 1,
2, …, M (N, M are the numbers of the input parameters and
output parameters).
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Fig. 11  The WI values of the models

Fig. 9  The RMSE values of the models
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Based on Fig. 13, normal stress is the most important variable to affect the peak shear strength of soil-GDL interfaces,
with proportion of 17.91%, followed by drainage core type,
moisture saturation, soil type and shearing surface, with percentage of 14.68%, 13.78%, 10.91%, and 10.86%, respectively.
In comparison, consolidation condition, geotextile specification, soil density and drainage core thickness have slighter
influences on the peak shear strength compared with the aforementioned factors. The detailed mechanism analysis of the
relative importance for the input parameters to the peak shear
strength is conducted in Sect. 8.

Development of an Empirical Equation
for Peak Shear Strength Prediction
In this research, the BPANN model optimised by PSO has
been proved as an efficient tool for predicting the peak shear
strength of soil-GDL interfaces. However, the application
of the developed PSOBPANN model for geotechnical engineering personnel with limited or no knowledge of machine
learning techniques is of little use. To solve the problem, an
empirical equation for forecasting the peak shear strength of
soil-GDL interfaces was proposed based on the connection
weights and biases of the PSOBPANN models, as shown in
Eq. (8) [53]. The connection weights and biases of the PSOBPANN model are tabulated in Table 5.

Yn = fsig {b0 +

∑h

k=1

[wk × fsig (bhk +

∑m

i=1

wik Xi )]}

(8)

where, Yn is the normalised predictive values, ranging from
− 1 to 1; b0 is the biases of output layer joint; wk is the connection weights between the kth hidden layer joint and the
output layer joint; bhk is the biases of the kth hidden layer
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Fig. 12  The R values of the models for testing dataset
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gi ×
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(11)

where, gi is the connection weight between the ith hidden
layer joint and the output layer joint for the established
PSOBPANN model, as listed in Table 5.
Among Eq. (11):

9.58%
7.79%

(10)

Among Eq. (10):

14.68%

15
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σn

Fig. 13  Relative importance of the input parameters

joint; h is the hidden layer joint number; wik is the connection weights between the ith input layer joint and kth hidden
layer joint; Xi is the ith normalised input parameter, ranging
from − 1 to 1; fsig is Hyperbolic Tangent Sigmoid Transfer
Function.
After calculation, the empirical equation for assessing
the peak shear strength of soil-GDL interfaces was gained,
as expressed in Eq. (9).
(9)

𝜏 = 0.5(Yn + 1)(Ymax − Ymin ) + Ymin

where, Ymax and Ymin are the maximum and minimum values of the peak shear strength in the database, respectively,
Ymax = 20.14 kPa and Ymin = 0.5 kPa.
Among Eq. (9):

∑9

j=1

(12)

pj × Nj

where, hi is the bias of the jth hidden layer joint for the
established PSOBPANN model, as listed in Table 5; pj is
the connection weight between the jth input layer joint and
ith hidden layer joint for the established PSOBPANN model,
as listed in Table 5; Nj is the ith normalised input parameter.

Case Study
To facilitate the practitioners and future researchers to utilise the developed empirical equation (Eq. 8) to predict the
peak shear strength of soil-GDL interfaces, a case study is
conducted in this session to use Eq. (8) to assess the peak
shear strength of clayey soil-GDL interfaces based on a
numerical example with real values, and then the predictive
peak shear strength of interfaces is compared with the peak
shear strength that is measured in laboratory tests to validate
the predictive accuracy of the developed empirical equation. The basic properties of the adopted soil-GDL interface
and the corresponding input parameter value of the machine
learning models are presented in Table 6.

Table 5  Connection weights and biases of the established PSOBPANN model
Hidden
Joint
number
1
2
3
4
5
6
7
8
9

13

Weights

Biases

Input parameters

Output parameter

T

D

W

𝜎n

F

TH

TY

GE

C

𝜏

0.46
− 0.56
1.22
0.26
− 0.46
− 0.55
− 2.21
− 1.92
− 4.90

− 0.20
− 0.62
− 0.30
− 1.16
− 1.06
1.22
− 1.02
− 1.02
0.96

− 1.60
1.45
2.54
1.51
− 2.04
− 2.25
− 0.83
0.27
− 0.56

− 0.95
− 1.28
0.31
− 0.38
0.11
− 3.08
0.33
− 0.03
− 1.84

0.89
− 0.16
− 0.12
0.32
− 1.68
− 0.13
− 2.25
− 0.89
1.59

− 2.24
2.29
− 2.48
0.13
0.19
2.30
− 1.20
− 0.33
0.05

− 1.92
− 1.84
0.79
1.96
0.98
− 1.61
− 3.09
− 1.89
0.25

− 2.03
− 0.03
− 0.88
− 0.37
− 0.71
2.29
− 3.19
0.01
− 2.62

− 2.79
1.01
0.69
− 1.92
− 0.80
− 3.19
− 2.43
1.92
5.67

− 0.56
2.94
0.84
− 1.57
0.65
− 0.91
− 0.87
− 1.96
0.91

Hidden layer

Output layer

0.46
− 0.56
1.22
0.26
− 0.46
− 0.55
− 2.21
− 1.92
− 4.90

0.42

International Journal of Geosynthetics and Ground Engineering
Table 6  The basic properties
of the adopted interface and the
corresponding input parameter
value
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Parameter

Basic properties

Input
parameter
value

Soil density
Moisture saturation of soil
Normal stress
Thickness of drainage core
Soil type
Shearing surface
Type of drainage core
Geotextile specification
Consolidation condition

1.93 g/cm3
11.76%
25 kPa
6 mm
Clayey soil
Dimple side
Continuous drainage core
Both sides bonded with geotextiles
Consolidation for 24 h

1.93
100
25
6
1
2
1
1
1

25

Peak shear strength/kPa

20

15

Measured value
Predictive value

10

5

0

1
Sample number

Fig. 15  The interlocking mechanism between geogrid drainage core
and soil

Fig. 14  The measured and predictive peak shear strength

The detailed procedure of using the developed empirical
equation (Eq. 8) to predict the peak shear strength of soilGDL interfaces is following: firstly, the corresponding input
parameter values of the interface in Table 6 are normalised
by Eq. (2). Secondly, the normalised input parameter values are substituted into Eq. (12) to calculate the values
of Ai (i = 1, …, 9), with combining the values of hi (i = 1,
…, 9) and pj (j = 1, …, 9) in Table 5, respectively. Thirdly,
the obtained values of Ai (i = 1, …, 9) are substituted into
Eq. (11) to calculate the value of C1, with combining the
values of gi (i = 1, …, 9) in Table 5. Fourthly, the obtained
value of C1 is substituted into Eq. (10) to calculate the value
of Yn. Finally, the obtained value of Yn is substituted into
Eq. (9) to be renormalised to obtain the value of 𝜏 that is the
predictive peak shear strength of the interface. The predictive peak shear strength of the interface using the developed
empirical equation and the measured peak shear strength in
laboratory tests is drawn in Fig. 14.
Based on Fig. 14, the predicted peak shear strength of
the interface is close to the measured peak shear strength by

laboratory tests. This indicates that the developed empirical
equation (Eq. 8) has high accuracy to predict the peak shear
strength of soil-GDL interfaces. It provides convenience for
geotechnical engineering personnel with limited knowledge
of machine learning technique to forecast the peak shear
strength of soil-GDL interfaces.

Discussion
According to the sensitivity analysis results, normal stress
has the largest influence on the peak shear strength of soilGDL interfaces. This fact conforms to the findings highlighted by the previous studies [54–56]. Furthermore,
drainage core type (continuous drainage core or drainage
core with cut-outs) and moisture saturation affect the peak
shear strength as the second and third most influencing factors. As shown in Fig. 15, the interlocking effects between
the grooves in geogrid core and soil, leading in superior
frictional performance, would have resulted in the higher
peak shear strength between soil-GDL with drainage core
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with cut-outs than that of GDL with continuous drainage
core. In terms of the moisture saturation, the large impact of
moisture saturation on the peak shear strength of soil-GDL
interfaces agrees with the findings from Othman [6].
Shearing surface (flat side or dimple side), soil type
(clay, sand and gravel), and consolidation condition are
demonstrated to have moderate influence on the peak shear
strength. The difference of shear strength for the interfaces
between geosynthetics and different types of soil has been
reported by many scholars due to the diverse basic properties
of soil, including particle shape/angularity, mean grain size,
hardness, etc. [44, 57, 58]. In terms of the shearing surface,
when the dimple side of GDL is adopted as the shearing
surface, the interlocking effects between soil and the dimple
drainage core can provide larger shear resistance, leading
to higher peak shear strength along the interfaces than that
of flat side. The magnitude of interlocking effects enhances
with the rise of compaction effort during soil placement,
normal stress and moisture saturation, the detailed interaction mechanism between soil and GDL as shown in Fig. 16.
In this research, a majority of tests were conducted on soil
with low to medium moisture saturation (0%–50%) under
low normal stress (less than 60 kPa), and the compaction
efforts during soil placement was light, as shown in Fig. 5,
with a medium interlocking effect between soil and drainage
core. Therefore, the relative importance of shearing surface
to the shear strength is manifested to be moderate. In the
aspect of consolidation condition, previous studies have
indicated that consolidation can increase the shear strength
of cohesive soil-geosynthetics interfaces evidently [59, 60].
However, in this research, the tests on cohesive soil-GDL
Fig. 16  The interaction mechanism between soil and GDL
(after Chao and Fowmes [67])
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interfaces only account for about 40% of the total tests, as
shown in Fig. 5, and other tests were performed on sand
and gravel-GDL interfaces. The influence of consolidation
condition on the shear strength of sand/gravel-GDL interfaces is not very high. Hence, the relative importance of
consolidation condition to the shear strength is indicated as
being not very significant.
The variations of input parameters including: geotextile
specification (bonding geotextile on both sides or only on
the dimple side), soil density, and drainage core thickness
are not shown to be vital to the peak shear strength. For the
geotextile specification, in the compiled tests, the GDL was
clamped firmly on the lower shear box of the direct shear
apparatus. When the dimple side was adopted as the shearing surface, the bonded geotextile on the flat side has negligible influence on the shear strength, while when the flat side
was chosen as the shearing surface, the bonded geotextile
can provide larger friction force, resulting in the higher peak
shear strength than that of GDL only bonded geotextile on
the dimple side. However, in this research, a large proportion of compiled tests (80%) were conducted on the interfaces between soil and the dimple side of GDL, as shown
in Fig. 5, thus, the relative importance of geotextile specification to the shear strength is demonstrated to be low. In
terms of soil density, according to the existing research, the
peak shear strength of the interfaces is mobilised from two
components: the skin friction and the interlocking effects
between soil and geosynthetics [44]. The effects of soil density on the interlocking effects are relatively large but on
the skin friction is non-obvious [61]. In this research, based
on Fig. 5, most of tests were carried out under low normal
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stress, and the interlocking effects between soil and GDL
are not the dominant factor for generating shear resistance,
as illustrated in Fig. 16. Thus, the variation of soil density is
manifested to have less influence on the peak shear strength.
In the aspect of drainage core thickness, the influence of its
changes on the peak shear strength is the least among the
input parameters. This is because, in this case, the variation
in the thickness of drainage core does not change the dimension of the cuspate elements on the drainage core, which has
marginal influences on the interlocking effects and skin friction between soil and GDL, contributing less to the change
of the peak shear strength.

Limitations
The predictive precision and reliability of the established
machine learning models can be improved further when a
larger database is available, whilst some larger databases of
geosynthetics tests exist the data is often incomplete making the application of machine learning impossible [62–66].
Secondly, there may some other influence variables for the
peak shear strength of soil-GDL interfaces which were
ignored during the compilation of database for modelling,
such as mean grain size of soil, etc. In the future, it is worthy to adopt more influencing variables to conduct machine
learning modelling, which may enhance the predictive ability of the machine learning models. Thirdly, the value ranges
of some adopted input parameters, such as normal stress,
moisture saturation of soil, etc., are small, thus, an attempt
to expand the value ranges of some input parameters can
further increase the generalisation ability of the established
machine learning models and have a better understanding
about the relative importance of the influence variables to
the peak shear strength.

Conclusions
In this paper, based on the compiled database, an investigation and comparison of the applicability for five different
machine learning models including, BPANN and SVM,
with hyperparameters optimised by PSO and GA, respectively, and ELM optimised by Exhaustive Method, in predicting the peak shear strength of soil-GDL interfaces was
conducted. Also, the sensitivity analysis was conducted to
assess the relative significance of influence variables based
on the PSOBPANN model with the optimal estimating performance among the forecasting models, and corresponding
mechanism analysis was performed. Moreover, to facilitate
the forecasting of the peak shear strength for geotechnical
engineering personnel, an empirical equation for assessing
the peak shear strength based on the PSOBPANN model
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was proposed. Based on the results and discussion presented
earlier, the following major conclusions can be made:
1. GA and PSO can improve the forecasting precision of
the built machine learning models markedly in a small
number of iterations.
2. Among the established models, the PSOBPANN model
has the best predictive precision, on the basis of the statistics indexes: RMSE, R, R2, WI, and MAPE.
3. Overall, the BPANN models have better performance
in predicting the peak shear strength of soil-GDL interfaces than that of the SVM models, and the optimisation
performance adopting PSO is superior to that of GA.
4. The sensitivity analysis indicates that that normal stress
is the biggest influence factor to peak shear strength of
soil-GDL interfaces, followed by drainage core type,
moisture saturation, shearing surface, soil type, consolidation condition, geotextile specification, soil density
and drainage core thickness.
5. Based on the mechanism analysis, the ranking of the
relative importance for input parameters is affected
partly by the data distribution of input parameters in the
database, thus, it is worthy to construct a database with
more even data distribution of input parameters.
6. An empirical equation developed from the PSOBPANN
model was presented to assess the peak shear strength
of soil-GDL interfaces, which provides convenience for
geotechnical engineering personnel with limited knowledge of machine learning technique. The high predictive
accuracy of the developed empirical equation has also
been validated by comparing the predictive peak shear
strength with the measured value in laboratory tests.
Acknowledgements Thanking ABG for providing the experimental
materials in this work. The authors wish to acknowledge the support
from China Scholarship Council (CSC).
Author Contributions Conceptualization, writing—review and editing,
supervision, project administration, funding acquisition: GF; methodology, software, formal analysis, writing—original draft preparation,
writing—review and editing, visualization: ZC; validation: SMD.
Data Availability In this paper, all data, models, and code used during
the study appear in the submitted article.

Declarations
Conflict of Interest The authors declare no conflict of interest.
Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are

13

60

Page 18 of 19

International Journal of Geosynthetics and Ground Engineering

included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References
1. Bahador M, Evans T, Gabr M (2013) Modeling effect of geocomposite drainage layers on moisture distribution and plastic deformation of road sections. J Geotech Geoenviron Eng
139:1407–1418
2. Chinkulkijniwat A, Horpibulsuk S, Van Bui D, Udomchai A,
Goodary R, Arulrajah A (2017) Influential factors affecting drainage design considerations for mechanical stabilised earth walls
using geocomposites. Geosynth Int 24:224–241
3. Jang Y-S, Kim B, Lee J-W (2015) Evaluation of discharge capacity of geosynthetic drains for potential use in tunnels. Geotext
Geomembr 43:228–239
4. Stormont JC, Henry K, Roberson R (2009) Geocomposite capillary barrier drain for limiting moisture changes in pavements:
product application. Final Report, Contract No. NCHRP, 113.
5. Khire MV, Haydar MM (2007) Leachate recirculation in bioreactor landfills using geocomposite drainage material. J Geotech
Geoenviron Eng 133:166–174
6. Othman M (2016) Interface behaviour and stability of geocomposite drain/soil systems. Loughborough University
7. Bilodeau J-P, Dore G, Savoie C (2015) Laboratory evaluation
of flexible pavement structures containing geocomposite drainage layers using light weight deflectometer. Geotext Geomembr
43:162–170
8. Edil TB, Kim W-H, Benson CH, Tanyu BF (2007) Contribution
of geosynthetic reinforcement to granular layer stiffness. Soil
and material inputs for mechanistic-empirical pavement design.
American Society of Civil Engineers, pp 1–10
9. McCartney JS, Kuhn JA, Zornberg JG (2005) Geosynthetic drainage layers in contact with unsaturated soils. In: Proceedings of
the international conference on soil mechanics and geotechnical
engineering. IOS Press, p 2301
10. Müller W, Jakob I, Li C, Tatzky-Gerth R (2009) Durability of
polyolefin geosynthetic drains. Geosynth Int 16:28–42
11. Othman M, Frost M, Dixon N (2014) Soil interface softening from
capillary break formation in geocomposite drainage systems. In:
10th international conference on geosynthetics, pp 1–13.
12. Armaghani DJ, Mohamad ET, Narayanasamy MS, Narita N, Yagiz
S (2017) Development of hybrid intelligent models for predicting
TBM penetration rate in hard rock condition. Tunn Undergr Space
Technol 63:29–43
13. Borthakur N, Dey AK (2020) Evaluation of group capacity of
micropile in soft clayey soil from experimental analysis using
SVM-based prediction model. Int J Geomech 20:20004–20008
14. Ceryan N, Okkan U, Samui P, Ceryan S (2013) Modeling of tensile strength of rocks materials based on support vector machines
approaches. Int J Numer Anal Methods Geomech 37:2655–2670
15. Mbarak WK, Cinicioglu EN, Cinicioglu O (2020) SPT based
determination of undrained shear strength: regression models and
machine learning. Front Struct Civ Eng 14:185–198
16. Nhu V-H, Hoang N-D, Duong V-B, Vu H-D, Bui DT (2020) A
hybrid computational intelligence approach for predicting soil
shear strength for urban housing construction: a case study at
Vinhomes Imperia project, Hai Phong city (Vietnam). Eng Comput 36:603–616

13

(2021) 7:60

17. Pham BT, Hoang T-A, Nguyen D-M, Bui DT (2018) Prediction
of shear strength of soft soil using machine learning methods.
CATENA 166:181–191
18. Qi C, Fourie A, Ma G, Tang X, Du X (2018) Comparative study
of hybrid artificial intelligence approaches for predicting hangingwall stability. J Comput Civ Eng 32:04017086
19. Debnath P, Dey AK (2017) Prediction of laboratory peak shear
stress along the cohesive soil–geosynthetic interface using artificial neural network. Geotech Geol Eng 35:445–461
20. Karademir T (2011) Elevated temperature effects on interface
shear behavior. Georgia Institute of Technology
21. Samui P (2012) Application of statistical learning algorithms to
ultimate bearing capacity of shallow foundation on cohesionless
soil. Int J Numer Anal Methods Geomech 36:100–110
22. Zhou J, Shi X, Du K, Qiu X, Li X, Mitri HS (2017) Feasibility of random-forest approach for prediction of ground settlements induced by the construction of a shield-driven tunnel. Int J
Geomech 17:04016129
23. Liu Z, Shao J, Xu W, Wu Q (2015) Indirect estimation of unconfined compressive strength of carbonate rocks using extreme
learning machine. Acta Geotech 10:651–663
24. Gholami V, Booij M, Tehrani EN, Hadian M (2018) Spatial soil
erosion estimation using an artificial neural network (ANN) and
field plot data. CATENA 163:210–218
25. Moayedi H, Armaghani DJ (2018) Optimizing an ANN model
with ICA for estimating bearing capacity of driven pile in cohesionless soil. Eng Comput 34:347–356
26. Yusof MF, Azamathulla HM, Abdullah R (2014) Prediction of soil
erodibility factor for Peninsular Malaysia soil series using ANN.
Neural Comput Appl 24:383–389
27. Chang C-C, Lin C-J (2011) LIBSVM: A library for support vector
machines. ACM transactions on intelligent systems and technology (TIST). ACM, pp 2–27
28. Smola AJ, Schölkopf B (2004) A tutorial on support vector regression. Stat Comput 14:199–222
29. Scholkopf B, Smola AJ (2001) Learning with kernels: support
vector machines, regularization, optimization, and beyond. MIT
Press
30. Huang G-B, Zhu Q-Y, Siew C-K (2006) Extreme learning
machine: theory and applications. Neurocomputing 70:489–501
31. Raja MNA, Shukla SK (2020) An extreme learning machine
model for geosynthetic-reinforced sandy soil foundations. In:
Proceedings of the institution of civil engineers-geotechnical
engineering, pp 1–21
32. Huang G-B, Chen L (2007) Convex incremental extreme learning
machine. Neurocomputing 70:3056–3062
33. Deb K, Pratap A, Agarwal S, Meyarivan T (2002) A fast and elitist multiobjective genetic algorithm: NSGA-II. IEEE Trans Evol
Comput 6:182–197
34. Kennedy J, Eberhart RC (1997) A discrete binary version of the
particle swarm algorithm. In: 1997 IEEE international conference
on systems, man, and cybernetics. Computational cybernetics and
simulation. IEEE, 5: 4104–4108
35. Alpaydin E (2020) Introduction to machine learning. MIT Press
36. Harandizadeh H, Armaghani DJ, Khari M (2019) A new development of ANFIS–GMDH optimized by PSO to predict pile bearing
capacity based on experimental datasets. Eng Comput 37:1–16
37. Levasseur S, Malécot Y, Boulon M, Flavigny E (2008) Soil parameter identification using a genetic algorithm. Int J Numer Anal
Methods Geomech 32:189–213
38. Shinoda M, Miyata Y (2019) PSO-based stability analysis of unreinforced and reinforced soil slopes using non-circular slip surface.
Acta Geotech 14:907–919
39. Witten I, Frank E, Hall M, Pal C (2016) Data mining fourth edition: practical machine learning tools and techniques. Morgan
Kaufmann Publishers Inc, San Francisco

International Journal of Geosynthetics and Ground Engineering

(2021) 7:60

40. Rodriguez JD, Perez A, Lozano JA (2009) Sensitivity analysis of
k-fold cross validation in prediction error estimation. IEEE Trans
Pattern Anal Mach Intell 32:569–575
41. ABG Ltd (2020) http://www.abg-geosynthetics.com/products/
pozidrain.html. View 19 Jun 2020
42. Othman M, Frost M, Dixon N (2018) Stability performance and
interface shear strength of geocomposite drain/soil systems. In:
AIP conference proceedings. AIP Publishing LLC, p 020049
43. Hanson J, Chrysovergis T, Yesiller N, Manheim D (2015) Temperature and moisture effects on GCL and textured geomembrane
interface shear strength. Geosynth Int 22:110–124
44. Infante DJU, Martinez GMA, Arrua PA, Eberhardt M (2016)
Shear strength behavior of different geosynthetic reinforced soil
structure from direct shear test. Int J Geosynth Ground Eng 2:1–16
45. Hogg RV, McKean J, Craig AT (2005) Introduction to mathematical statistics. Pearson Education
46. Ashrafian A, Shokri F, Amiri MJT, Yaseen ZM, Rezaie-Balf M
(2020) Compressive strength of foamed cellular lightweight concrete simulation: new development of hybrid artificial intelligence
model. Constr Build Mater 230:117048
47. Raja MNA, Shukla SK (2021) Multivariate adaptive regression
splines model for reinforced soil foundations. Geosynthetics Int
1–23
48. Raja MNA, Shukla SK (2021) Predicting the settlement of geosynthetic-reinforced soil foundations using evolutionary artificial intelligence technique. Geotextiles and Geomembranes
49:1280–1293
49. Das SK, Basudhar PK (2006) Undrained lateral load capacity
of piles in clay using artificial neural network. Comput Geotech
33:454–459
50. Kanungo D, Sharma S, Pain A (2014) Artificial Neural Network
(ANN) and Regression Tree (CART) applications for the indirect
estimation of unsaturated soil shear strength parameters. Front
Earth Sci 8:439–456
51. Garson GD (1991) A comparison of neural network and expert
systems algorithms with common multivariate procedures for
analysis of social science data. Soc Sci Comput Rev 9:399–434
52. Goh AT (1995) Back-propagation neural networks for modeling
complex systems. Artif Intell Eng 9:143–151
53. Goh AT, Kulhawy FH, Chua C (2005) Bayesian neural network
analysis of undrained side resistance of drilled shafts. J Geotech
Geoenviron Eng 131:84–93
54. Basudhar P (2010) Modeling of soil–woven geotextile interface behavior from direct shear test results. Geotext Geomembr
28:403–408

Page 19 of 19

60

55. Eid HT (2011) Shear strength of geosynthetic composite systems
for design of landfill liner and cover slopes. Geotext Geomembr
29:335–344
56. Sayeed M, Ramaiah BJ, Rawal A (2014) Interface shear characteristics of jute/polypropylene hybrid nonwoven geotextiles and sand
using large size direct shear test. Geotext Geomembr 42:63–68
57. Liu CN, Ho YH, Huang JW (2009) Large scale direct shear tests
of soil/PET-yarn geogrid interfaces. Geotext Geomembr 27:19–30
58. Mehrjardi GT, Motarjemi F (2018) Interfacial properties of geocell-reinforced granular soils. Geotext Geomembr 46:384–395
59. Mirzababaei M, Arulrajah A, Haque A, Nimbalkar S, Mohajerani
A (2018) Effect of fiber reinforcement on shear strength and void
ratio of soft clay. Geosynth Int 25:471–480
60. Rowe R, Li A (2005) Geosynthetic-reinforced embankments over
soft foundations. Geosynth Int 12:50–85
61. Ferreira F, Vieira CS, Lopes M (2015) Direct shear behaviour
of residual soil–geosynthetic interfaces–influence of soil moisture content, soil density and geosynthetic type. Geosynth Int
22:257–272
62. Fowmes G, Dixon N, Jones DRV (2007) Landfill stability and
integrity: the UK design approach. In: Proceedings of the institution of civil engineers-waste and resource management. Thomas
Telford Ltd, pp 51–61
63. Fowmes GJ (2007) Analysis of steep sided landfill lining systems.
Loughborough University
64. Koerner R, Martin J, Koerner G (1986) Shear strength parameters
between geomembranes and cohesive soils. Geotext Geomembr
4:21–30
65. Koerner RM (1990) Geosynthetic testing for waste containment
applications. ASTM International
66. Sia A, Dixon N (2007) Distribution and variability of interface
shear strength and derived parameters. Geotext Geomembr
25:139–154
67. Chao Z, Fowmes G (2021) Modified stress and temperature-controlled direct shear apparatus on soil-geosynthetics interfaces.
Geotext Geomembr 49(3):825–841
Publisher’s Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

13

