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Abstract. This study presents application of artificial intelligence technique in
predicting dynamic properties of gravel-tire chips mixtures (GTCM). Two Artificial
Intelligence (Al) techniques, Support Vector Machine (SVM) and Artificial Neural
Networks (ANN) were employed for modeling shear modulus and damping ratio of
TDGM. Test results have shown that shear modulus and damping ratio of the
granular mixtures are remarkably influenced by gravel fraction in GTCM.
Furthermore, shear modulus was found to increase with the mean effective confining
pressure and gravel fraction in the mixture. It was found that a feed-forward
multilayer perceptron model with back-propagation training algorithm have better
performance in predicting complex dynamic characteristics of granular mixture than
SVM one.

Keywords. Undrained cyclic triaxial test, gravel-tire chips mixture, support vector
machine, artificial neural network.

1. Research Background

Large number of buildings in Kumamoto prefecture of Japan suffered from liquefaction
induced damage by the 2016 Kumamoto earthquake. Severe destruction resulting from
soil liquefaction has highlighted the importance of developing new prevention measures
to protect buildings and infrastructure against earthquake induced damage. The most
important challenge of introducing new earthquake mitigation measures into civil
engineering is to find a balance between the economic costs of seismic mitigation
measure and environmental impacts. On the other hand, about 1 billion of waste tires in
quantity are generated annually in the world. In 2017, over 1 million tonnes waste are
scraped in Japan. One common disposal practice is to dump scrap tires in large landfills.
In Japan more than 63% of those waste tires are used for energy production purposes.
However, this can increase emission of hazardous gases such as CO, CO,, and SO, to
the atmosphere. Reusing waste tire materials as Scrap Tire-Derived Materials (STDM)
can help preserving our ecosystem.
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STDM either as standalone or mixed with soil are being implemented in several civil
engineering applications as alternative non-dilative geomaterials geomaterials for
vibration isolation and liquefaction remediation purposes [1].

Soil dynamic analysis (such as ground response analysis) involving STDM and
STDM-soil mixture needs an estimation of dynamic properties of these materials. Sand-
STDM mixture is being used as a conventional geomaterials for preventing seismic and
liquefaction-induced damage [2-4].

Hazarika et al. (2007) conducted a series of undrained cyclic triaxial and 1-g shaking
table tests to study the effect of reinforcing sand with tire chips on the dynamic response
of quay walls. They observed that residual lateral displacement of the quay wall was
limited in reinforced backfill in comparison to that of unreinforced one [5]. Anastasiadis
et al. (2011) conducted torsional resonant column tests on sand-rubber and gravely soil-
rubber mixtures to investigate small strain shear modulus and damping ratio of reinforced
granular mixtures [6]. They found out that shear modulus tends to decrease by adding
rubber inclusion to the sand. However damping ratio was found to be slightly improved
by rubber inclusion in the mixtures.

low hydraulic conductivity of sand, high liquefaction susceptibility of sand, particles
segregation potential of sand and STDM in binary mixture are some of the key issues
associated with utilization of sand-STDM mixture in geo-structures [7, 8]. Gravel-Tire
Chips Mixture (GTCM) has been recently introduced to civil engineering applications
with the goal of providing solution for drawbacks of existing methods [4, 9, 10]. It is
well known that gravelly soil possess higher permeability in comparison to that of sandy
soil (e.g. [11]).

It is quite difficult to introduce a mathematical model for dynamic properties of
STDM-soil mixtures that can capture relationships between essential parameters,
including the soil and STDM type, void ratio, STDM content ratio, confining pressure
and loading conditions. Majority of previous empirical models proposed for estimating
dynamic characteristics of reinforced granular soils with tire chips are actually modified
version of Hardin hyperbolic model [12]. Implementation of such complex empirical
expressions may require definition of many parameters that needs to be calibrated against
experimental data. Furthermore, these models showed poor performance when higher
percentage of tire chips are present in mixture. In addition, footings constructed on
gravely soil yields higher bearing capacity in comparison to that of sand (e.g. [13].

In recent years Artificial Intelligence (AI) technique has been implemented in
several fields of geotechnical engineering to predict behaviour of sophisticated systems.
For instance, ANN technique has been implemented to estimate the soil characteristics
soil permeability [14] and shear strength parameters as well as [15] predict the behavior
of foundations [16, 17].

There is no study on the dynamic properties of gravel-tire chips mixtures specially
in the range of medium to large shear strains. Main objective of this study is to introduce
new model using Artificial Neural Network (ANN) and Support Vector Machine (SVM)
approaches that can simulate complex dynamic characteristics of GTCM mixtures taking
into account important features of granular materials. Therefore, a series of stress
controlled undrained cyclic triaxial tests were conducted on GTCM with different gravel
fraction at an effective confining pressure of 50 and 100 kN/m? to examine the influences
of gravel fraction and effective confining pressure on shear modulus and damping ratio
of GTCM. The obtained experimental results were used to construct ANN and SVM
models for predicting dynamic properties of GTCM.
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2. Material Properties and Testing Procedure

A series of large cyclic triaxial tests were carried out on specimens of 100 mm in
diameters by 200 mm in height to assess liquefaction resistance of gravel and GTCM.
Particle size distribution of the gravel and tire chips is measured following the standard
specification in JGS 0131 and plotted in Figure 1. Specific gravities (Gs) of gravel and
TC were obtained 2.81 and 1.17 respectively. Under-compaction method was used for
preparation of specimens. Samples were saturated by allowing deaired water to flow
through from the bottom of the sample. 200 kN/m? backpressure was applied to specimen
in order to increase degree of saturation (B>0.95). Samples were consolidated to the
effective confining pressure of 50 and 100 kN/m?. Stress-controlled undrained cyclic
triaxial tests were conducted at a constant frequency of 0.1 Hz, relative density of 50%
and different cyclic stress ratios (64/2 05.).

Evaluation of shear modulus (G) and damping ratio (D) can be calculated from
following expressions (Figure 2):
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Typical stress-strain hysteresis loop of GTCM is shown in Figure 3.

3. Shear Modulus and Damping Ratio

The shear modulus curves of GTCM samples with different GF (%) are shown in Figure
4 for the GTCM specimens with GF=100% and GF=87% shear modulus decreased
drastically with the shear strain within the few cycles of loading, this reduction in shear
modulus with an increase in shear strain can be imputed to a decrease in gravel inter-
particles contact due to rapid building up of pore water pressure during the cyclic loading.
As is evident from Figure 4, rubber fraction did not significantly affect the shear modulus
of specimen with GF=44% and 30% and shear modulus of specimens at higher shear
strains are almost identical.

This is probably because gravel inter-particle contacts are minimal (especially at
very high shear strains >1%) where GTCM matrix is mainly formed by tire chips particle
with relatively low stiffness in comparison to that of gravel particles.
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Figure 1. Particle size distribution of gravel and tire chips.
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Figure 2. Definition of cyclic modulus and Figure 3. Stress-strain hysteresis loop of GTCM with
damping ratio. GF=44%, 6; =100 kN/m? and 0,;/2 05,=0.3.

Variation of damping ratio of GTCM mixtures with gravel fraction and shear strain
is shown in Figure 5. Damping ratio slightly increases with decreasing gravel fraction
from 100% to 44%.

The reduction in damping ratio value may happen due to rapid increase in the pore
water pressure during cyclic loadings. High pore water pressure decreases inter-particle
contacts resulting in significant reduction in frictional energy loss in soil skeleton with
the number of cycles and axial strain [18, 19].

4. Support Vector Machine

Support vector machines (SVM) are popular supervised learning tool in machine
learning capable of analyzing data for both classification and regression. This method
was first introduced by Vapnik et al. (1997) and follows structural risk minimization
principle that looks up to minimize upper bound generalization error [20]. If the target
variables involve categorical data a SVM model need to be used, however when the
target variables are continues data Support Vector Regression (SVR) model should be
employed.

If a set of observation data are given as {(X1, y1), (X2, ¥2),-. .., (X, Yx),} Where x; € R"
input values and y € R". The e-insensitive loss which is the magnitude of the difference
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Figure 4. Effect of gravel fraction on shear modulus reduction curves of GTCM: (a) 30%<GF<100% (b)
30%<GF<55%.



S. Manafi Khajeh Pasha et al. / A Machine Learning Approach 2021

30
~ GF=30%

| GF=87%  — .« i

[ S oS ]

(=T ]
T

[

E

Damping Ratio (%)
o

=)

5F=100%

wn

0 b it .. GF=40%. .. .
0.01 0.1 1 10
Shear Strain (%)

Figure 5. Effect of gravel fraction on damping ratio of GTCM.

between the predicted value and the radius € of the tube function can be expressed as
follows:

0 ifly—fl=<e

Le )= {otherwise ly — f(x)| — ¢ )

The non-linear regression function can be presented as below:
f) ={Ww'x+b)}=0 “4)
where b = bias and w = weight vector. The main objective in SVR is to find a function,

f(x) that almost has a € deviation from the actual output (yi). therefore, this goal can be
achieved by minimizing the following expression:

lwll

pw) = —==0.5w"w (5)
Subject to the following constraints:
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by introducing slack variables &;, §;* (i = 1...n), optimization function now can be
expressed:

Yw,b,a) = 0.5w'w + C X, (& +§%) ®)
Subject to the following constraints:
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where C = constant known as the regularization or penalty parameter. The function in
Eq. (8) can be transformed in the form of a
Lagrange function as follows:

* 1 * * *
W(e, o) = =~ 3o (oc+oc)) (o —oc)K (x;,%;) + Xitq yioc; —oc;) —
& Nieq (o +oc;)

K(xi,%) = 0(x)0(x) (11)

Therefore, the goal would be maximizing the above expression. o, and b are
calculated by solving the above expressions considering following condition:

(=) =0, 0 <o, ;< C,i=1,2,3,..n. (12)
The regression function can be rewritten as:
f =2z (=) K(x.x;) + b (13)

Radial basis function (RBF) was used to identify the support vectors along the
function surface. In this study, the comprehensive data sets collected from experimental
program were used for the development of SVR model.

Support vector machine based model for predicting shear modulus and damping
ratio of GTCM can be expressed as follows:

G =SVR (GF ,65, 04/263, Y) (14)
D=SVR (GF ,65, 64/263, Y) (15)

A data sets consisting of 3006 shear modulus and damping ratio measurements of
GTCM was employed in our analysis. 2970 data sets out of 3006 were randomly chosen
for training and validation of proposed model whereas the remaining 36 data sets were
selected to test the constructed model. Before the training of SVR model data sets were
randomly shuffled, in order to make sure that the model is not learning a specific order
and faster convergence is observed. The algorithm utilized for data shuffling was simply
relied on selecting two data rows (consisting of the input and out puts) randomly and
swapping them together. Figure 6 shows the observed and estimated values of GTCM
shear modulus for different gravel fraction at confining pressure of 100 kPa.

It is worthwhile to mention that the SVR models of shear modulus and damping
ratio yield the coefficient of determination of R?>= 0.95 and R?=0.8 for training data sets.
It can be observed from the Figure6 that SVR model can predict the complex, nonlinear
dynamic behavior of granular mixture with high accuracy. A comparison between
predicted and observed values of shear modulus and damping ratio of GTCM for
independent new testing data sets is displayed in Figure 7. It is should be noted that new
testing data sets were not used for training the SVR model. The coefficient of
determination is reduced from R?= 0.95 and R?=0.8 for training data sets to R*= 0.91 and
R2=0.71 for new test data sets of shear modulus and damping ratio models. respectively.
Although SVR based model shows a satisfactory generalization ability and can predict
shear modulus of granular materials with relatively high resolution but yields slightly
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lower performance in generalization and estimation of damping ratios of GTCM. Lower
performance in prediction of new test data might be result of very disperse nature of
damping ratio versus axial strain.
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Figure 6. Comparison between observed and predicted values of shear modulus for training data sets using
SVR: (a) GF=55%, (04/265)=0.25; (b) GF=44%, (0,/265)=0.3.

25 48 .
— [ o Predicted Data =130 | © Predicted Data |
E 20 | —Observed Data & BY u 44 —Observed Data |
= & 2 25 ¢ T T i ‘
> ‘ 5
s | & 20 Ty
= F 2 e madotipctsd
g0 g
s ¢ S 10t
g 5| B
R | [ SR - A 0 . I '

0.01 0.1 1 10 0.1 1 10

(a) Shear Strain y (%) (b) Shear Strain y (%)

Figure 7. Comparison between observed and predicted values for new testing data sets using SVR at GF=87%,
(04/265)=0.25: (a) Shear modulus (b) Damping ratio.

5. Artificial Neural Network (ANN)

Artificial Neural Networks (ANN) are one of Artificial Intelligence (AI) techniques that
inspired by function of human biological nervous system and mimics brain problem
solving process. The concept of ANN is first introduced by [21] but first training
algorithm for a feed-forward multilayer perceptron is introduced in 1986. The application
of ANN in civil engineering is introduced in the early 1990s by [22] which involved the
feasibility of ANNS to predict the liquefaction potential of soil. Selection of appropriate
ANN:Ss architecture is one of the most essential and complicated tasks of building a model.

In this study, the feed-forward ANN in which information moves forward from the
input layer directly towards output layer through any hidden layers was selected. Back
propagation learning algorithm (BPP) which uses the gradient decent laws and is suitable
for prediction problems, is implemented. A total number of 3006 shear modulus and
damping ratio values of GTCM are used as the database for building ANN model. 36 out
of 3006 data sets were selected to independently test the proposed model. The goal of
the model is to estimate shear modulus and damping ratio of gravel and GTCM for a
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given gravel fraction (GTCM) and mean effective confining pressure. The architecture
of the network is determined as follows and is illustrated in Figure 8.
Input vector {X} = {64/263 ,V, 635,GF (%)}; Output {Y} = {G };Output {Y} = { D}

A MATLAB code is written to determine neurons (nodes) in the hidden layer by a
trial and error method. In this method, training of networks starts with minimum number
of nodes in the first hidden layer and sum squared error is calculated and compared with
the allowable threshold error. If the error exceeds the threshold value, next neuron is
added to the hidden layer. The above iterative process is repeated until the desired
stopping criterion is met.

In order to reduce time consumed during training process of ANN model, maximum
number of neuron in each hidden layer is limited to 8. In order to have efficient model
with high performance and reduce the noise, size of input space and have a smother
relationship, the input data are preprocessed using Min-Max normalization method
before training process starts.

Eight training algorithms have been assessed for this study. The Levenberg-
Marquardt algorithm which has been shown to have better performance for training
moderate size of a Multilayer Perceptron (MLP) was selected for training the ANN.

The data is randomly divided into three subsets: training (60%), validation (20%),
testing (20%). During the learning or training process, training data sets are used to
obtain ANN parameters in each layer (Weights and biases) by minimizing the error
function. In order to avoid overfitting the network, the error on the validation data set is
monitored during training process. The training will stop when the error on the validation
data set begins to rise. Further training of network will overfit data and prevent
generalization. At the next stage, the testing data set is introduced to the ANN and its
performance is evaluated.

In this study, the proposed neural network model has 4 nodes in the input layer, 6
nodes in the hidden layer, and 1 node in the output layer (Figure 8). Once the ANN
performance is evaluated, ANN is utilized to conduct a parametric study. As is mentioned
at the beginning of this section, the optimum number of hidden layers and neurons in
each hidden layer are obtained based on criterion defined to terminate the training
process.

After training of ANN model is over, in order to assess the performance of proposed
ANN model in predicting shear modulus of GTCM, predicted values of model for
training, validation and test data sets are plotted against the target values. As can be seen
from Figure 9, there is such a strong correlation between estimated and target values of
shear modulus for all three datasets. Fig. 10(a) shows the comparison between the
predicted values of shear modulus for GTCM with GF=87% at the effective confining
pressure of 6;=100 kPa and stress ratio of (c;/2d35)= 0.25 by ANN model simulation
and laboratory results. It is should be noted that new tested data set were not used for
training of ANN model.

Input Layer  Hidden Layer ~Output Layer

: > : GorD
64 or
— RO\ g "7
GF (%) . {
ay/265 / ¢ )y f

Figure 8. Structure of ANN model.
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Figure 9. Performance of the ANN Model over: (a) Training; (b) Validation (c) Test datasets.
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Figure 10. (a) Comparison between observed and predicted values of shear modulus for new testing data set
using ANN at GF=87%, (04/265)=0.25 (b) Performance of the ANN Model over new testing data set.

As can be seen from the plot, predicted and the measured values of shear modulus
are in very good agreement. Performance of ANN model is assessed by performing a
linear regression between the network outputs and the corresponding targets. A very high
coefficient of correlation (R=99%) is obtained for the tested data set. (See Fig. 10b)

6. Conclusion

In this study, a series of cyclic triaxial test were carried out to investigate dynamic
properties of GTCM as a new TDGM. In addition, Support Vector Machine (SVM) and
Artificial Neural Network (ANN) techniques were used to simulate shear modulus and
damping ratio of GTCM. The following conclusions can be drawn:

e A feed-forward artificial neural network model with back-propagation training
algorithm can be employed to model sophisticated dynamic characteristics of
granular mixtures with relatively high resolution.

e Results of this study revealed that the Support Vector Machine with the RBF
kernel function shows satisfactory performance on generalization and
prediction of the training and testing data sets and yields relatively low
statistical error.

e  Although result of ANN and SVR model showed that both Al based models are
suitable tools for estimation dynamic characteristics of granular mixture in
terms of performance parameters i.e. R-value, RMSE, but ANN based model



2026 S. Manafi Khajeh Pasha et al. / A Machine Learning Approach

yields better performance on generalization of training data sets in comparison
to that of SVM.
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