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A reliable prediction of the soil properties mixed with recycled material is considered as an ultimate goal of many
geotechnical laboratory works. In this study, after planning and conducting a series of laboratory works, some
basic properties of marine clay treated with recycled tiles together with their unconfined compressive strength
(UCS) values were obtained. Then, these basic properties were selected as input variables to predict the UCS
values through the use of two hybrid intelligent systems i.e., the neuro-swarm and the neuro-imperialism.
Actually, in these systems, respectively, the weights and biases of the artificial neural network (ANN) were
optimized using the particle swarm optimization (PSO) and imperialism competitive algorithm (ICA) to get a
higher accuracy compared to a pre-developed ANN model. The best neuro-swarm and neuro-imperialism models
were selected based on several parametric studies on the most important and effective parameters of PSO and
ICA. Afterward, these models were evaluated according to several well-known performance indices. It was found
that the neuro-swarm predictive model provides a higher level of accuracy in predicting the UCS of clay soil
samples treated with recycled tiles. However, both hybrid predictive models can be used in practice to predict the
UCS values for initial design of geotechnical structures.

Introduction Soft soils are associated with high plasticity and instability, high

compressibility and void ratio, low shear strength and natural moisture

Nowadays, the availability of suitable foundation soil with desirable
geotechnical properties for civil engineering structures is considered
very low due to the increased demand for development and industrial-
ization [1]. Insufficient resources, increase of population, shortage in
energy, and land scarcity are the main factors resulting in tremendous
construction development setbacks [2]. Hence, the demand is increased
for the reclamation of soft and marine soils which are considered
problematic for construction activities. Soft soils are widely spread
around the world and when this kind of soil is encountered, soil
improvement is a must in order to meet the engineering requirements.

* Corresponding authors.

content that is higher than the liquid limit [3-7]. The traditional most
common methods used to stabilize/improve soft soils are the mechanical
and chemical methods that are in use since the past century. Soil is
improved mechanically by compaction and chemically using chemical
additives such as ordinary Portland cement (OPC), lime, sodium and
magnesium silicate, etc. [8-16]. The chemical additives significantly
enhanced the strength and the other properties of soils, but the extent of
improvement is dependent on the type of soil, natural moisture content,
soil mineralogy, environmental condition, curing time, and type of
chemical additive used [17]. Although those traditional additives were
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able as demonstrated by the literature to improve the properties of soft
soils, but there are many concerns that were recently raised regarding
the use of chemical additives. They are considered harmful to the sur-
rounding environment, costly, require advanced instruments during the
application at site, and may pollute the underground water [18].

Currently, researchers in the field of geotechnical and coastal engi-
neering are looking for stabilization additives/methods that are sus-
tainable, economical, environmentally friendly, and able to alter the
mechanical characteristics of problematic soils [19-23]. Rouaiguia and
Abd El Aal [24] used marble waste and lime to enhance the geotechnical
properties of soft soil in Algeria. The results revealed an increase in the
unconfined compressive strength (UCS) of the soil with the increase of
curing time and the percentages of marble waste and lime. The optimum
marble content was 6% at which the strength was the highest. Besides,
the optimum moisture content (OMC) was decreased with a corre-
sponding increase in the maximum dry density (MDD) of the treated soil.
In addition, Saygili [25] utilized waste marble dust in various percent-
ages to stabilize problematic clayey soil. The results showed that the
shear strength parameters of the treated soil were improved, and the
swelling potential was significantly reduced. Sarkar et al. [26] utilized
the waste of rice to treat the geotechnical properties of clayey soil. The
properties of soil were modified by the treatment and the UCS value was
improved. Mirzababaei et al. [27] utilized the waste of carpet fibers to
stabilize clayey soils. The results showed that the UCS of samples pre-
pared using the same dry density and optimum moisture content was
significantly improved by the inclusion of the carpet fibers as additive
and the mode of failure was found to be ductile. Moreover, Li et al. [28]
used polypropylene fiber and fly ash to improve the mechanical prop-
erties of soil. The inclusion of the fly ash and the polypropylene fiber had
a positive effect on the UCS, and 30% fly ash and 1% fiber were found to
be the optimum content.

In general, the determination of the geotechnical properties of soft
soils requires energy, time, labor, equipment, and high cost. For
example, to determine the compaction parameters and the UCS of soil, at
least six and four tests, respectively must be done in order to obtain
reliable values. Hence, to evaluate the compaction parameters, UCS and
the other parameters of soil in an efficient manner, prediction models
were constructed to address this issue. However, the accuracy of pred-
ication was not very accurate for large data sets and therefore machine
learning (ML) techniques were employed for high accuracy prediction
models for most of the soil parameters [29-34]. Motamedi et al. [2] used
the adaptive neuro-fuzzy inference system (ANFIS) to predict the UCS
value of treated sand with cement and pulverized fuel ash. To enable the
accuracy of the predication, series of laboratory tests were conducted for
checking and training. The results indicated that for the prediction of the
UCS value, the ANFIS root mean square error (RMSE) value was 0.0617.
Soleimani et al. [35] used a multi-gen genetic programming (MGGP) to
predict the UCS value of clayey soil treated with geopolymer. Several
parameters that have direct effect on the UCS of soil such as plasticity
index, plastic limit, percentages of additives, and others were incorpo-
rated within the proposed MGGP model. Parametric study was also
conducted to validate the results and the models used. The results
indicated a good accuracy of the equations used in the evaluation of the
UCS. Moreover, Mozumder et al. [36] used 213 samples of soil treated
with geopolymer based additive for the prediction of the shear strength
using the support vector machine regression (SVR). The outcome of the
study revealed the ability of the SVR to accurately predict the shear
strength of the geopolymer treated soil. Kalkan et al. [37] developed
ANFIS and artificial neural network (ANN) models for the prediction of
the UCS value of compacted granular soil. A total of 64 UCS experi-
mental samples were used to train the ANFIS and ANN models and about
20 experimental samples were used for the prediction of the UCS value.
The results obtained from both models were compared and those of
ANFIS model were more encouraging. Giillii and Fedakar [38] used
various artificial intelligence (AI) techniques to estimate the UCS value
of soil treated with bottom ash, jute fiber and steel fiber. The results
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obtained from all the employed AI techniques were significantly corre-
lated with the measured UCS value of soil. In addition, Cabalar et al.
[39] reviewed the application of ANFIS in geotechnical engineering such
as triaxial testing and triggers for liquefaction. The results of the con-
ducted critical review showed that ANFIS was successfully used in the
prediction of the UCS value, friction angle of soil, stability of tunnels,
induced depth around the group piles, and the permeability of soils. For
instance, the compaction parameters of soil (maximum dry density and
optimum moisture content) were predicted using multi expression pro-
gramming (MEP). The optimal setting for the MEP code was proposed
after collecting numerous compaction tests with different compaction
energies and soil classification to form a large database. The results of
the model showed the ability of the model to predict the compaction
parameters for the various types of soils involved within the database
and with a very high accuracy. It should be mentioned that the suc-
cessful use of Al and ML models has been highlighted in many studies
related to science and engineering [40-67].

Several studies have been conducted using PSO and imperialist
competitive algorithm (ICA) in estimating the geotechnical properties of
soil and rock with high accuracy and minimal deficiencies [68-71].
Dehghanbanadaki et al. [72] used two types of computational methods
to predict the UCS of stabilized peat soil. A total of 271 samples were
tested at different dosages of additives in the laboratory to develop a
model for the UCS prediction. The model predicted the UCS of the
treated peat soil through two types of ANN models that were trained
using particle swarm optimization (ANN-PSO) and back propagation
(ANN-BP) algorithms. Sensitivity analysis was carried out to evaluate
the influence of each input on predicting the output and two perfor-
mance indices were examined. The results revealed that ANN-PSO
model better estimated the UCS compared to the ANN-BP model. On
the other hand, Ray et al. [73] found that minimax probability machine
regression (MPMR) outperformed ANN-PSO and ANN-ANFIS in pre-
dicting the settlement of shallow foundations on soils. Armaghani et al.
[74] developed hybrid ANN-PSO model that is able to predict the ulti-
mate bearing capacity of rock socketed piles. When compared with other
conventional ANN for predicting the ultimate bearing capacity, the
developed hybrid model showed higher degree of accuracy. A study was
conducted by Pham et al. [75] to develop a prediction model for the
undrained shear strength of soil using the results of 127 samples as
database for training and validating models. Pearson correlation coef-
ficient (R) was utilized to compare and examine the developed model
with the single RF model. The results revealed a high accuracy (R =
0.89) of the developed model in predicting the undrained shear strength
and was found to be superior when compared with the single RF model.
Kutanaei and Choobbasti [76] performed a series of laboratory tests to
evaluate the UCS of sand treated with cement and polyvinyl alcohol
(PVA) fiber. The results were also used to develop a polynomial model
based on PSO to predict the UCS, axial strain and modulus of elasticity of
the treated soil. The performance of the developed model was compared
with the results obtained from the laboratory and was found to have
good agreement. Moreover, Armaghani et al. [77] developed a hybrid
model based on ANN enhanced with ICA able to estimate the unconfined
compressive strength and the Young’s modulus of rock. The model was
trained using experimental results, and it was compared with a con-
ventional ANN predictive model. The performance indices indicated
that the predicted UCS and Young’s modulus using the ANN-ICA model
were of high degree of accuracy. Tian et al. [78] developed a hybrid
model based on PSO and ICA to solve the shortcomings of the ANN itself
when predicting the Young’s modulus of rock. The developed model was
trained and tested, and the results showed good accuracy.

In this present study, the UCS of marine clay (MC) treated with
recycled tiles (RT) is estimated by developing two hybrid ANN models
namely particle swarm optimization (PSO)-ANN and neuro-swarm and
imperialism competitive algorithm (ICA)-ANN or neuro-imperialism. In
another words, the index properties, compaction parameters, percent-
age of recycled tiles, and curing time were used as inputs in the proposed
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ANN-based models to estimate the UCS of treated marine soil. The rest of
this paper is organized as follows:

Section “Need for research” explain and discuss the problem state-
ment and the need for conducting this research. Section “Intelligent
models principles” presents the background of the used intelligence
techniques in this study together with the used statistical indices for
evaluating intelligence techniques. Then, in Section “Laboratory in-
vestigations and established database”, the details of laboratory tests
and the way of selecting input parameter are described. The intelligence
modelling of the hybrid models in predicting the UCS values of soil
material is given in Section “Intelligent modelling and assessment”.
Afterward, Sections “Discussion” and “Conclusions™ are about discus-
sions and conclusions of the study, respectively.

Need for research

Soft soil is normally treated mechanically by compaction, chemically
using the various chemical additives, biologically using bacteria, or
hydrologically using hydrants. The treatment using chemicals is very
efficient and the most used, but several adverse impacts by those
chemicals on the ecosystem made it the last choice for soil treatment.
Recently, scientists and researchers are looking for a cost effective,
environmentally friendly and sustainable material that can alter and
enhance the properties of the soil. Therefore, there is a need to utilize the
available waste materials to treat soft soils economically and in
environmental-friendly manner. In this research, the waste of ceramic
tiles is utilized as an environmentally friendly material to treat soft
marine clay. Besides, conducting several laboratory tests to evaluate the
strength of soils is found to be very costly, time consuming, requires
materials, equipment, and presence in the laboratory. Hence, this pre-
sent study is focused to estimate the strength of marine clay treated with
recycled tiles (RT) by developing two hybrid ANN models namely par-
ticle swarm optimization (PSO)-ANN and neuro-swarm and imperialism
competitive algorithm (ICA)-ANN or neuro-imperialism.

Intelligent models principles
Artificial neural network

Artificial neural network (ANN) can be described as a computing
system built to interpret the way the human beings’ brain processes and
evaluates data for the purpose of developing an artificial system. The
ANN-based models can accurately and automatically predict relation-
ships between the input and output information by making a possible
use of input training patterns. This feature makes those models have big
difference in functionality compared with any other models available in
this field [79]. The artificial neurons are employed as basic units by the
ANN models to process data in a parallel manner like that of a biological
brain. McCulloch and Walter [80] attempted for the first time to model
the neural network and successfully modelled an effective artificial
neurons’ behavior by assembling a binary decision unit. Their system
was able to obtain outputs of higher correctness by allocating the arti-
ficial node with the total weight of an input signal and applied an
activating function to those signals. Ch and Mathur [81] explained that
ANN system is a network of nodes that are interconnected and found in
an exceptional parallel layer in a computing system. Their outcome
shows that the neuron connection patterns highly influence the class and
behavior of those networks.

The ANN functions can be divided from a structure point of view into
two classifications named as feedback and feed forward. Multilayer
perceptron (MLP) is considered the most popular among those that fall
under the feed forward multi-layer networks. MLP is responsible for
processing the existing data using the activation functions within back-
to-back layers. Besides, Simpson [82] introduced the learning algorithm
known as the back propagation (BP) which usually helps the network to
learn by making use of a learning procedure-based gradient. BP that is
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comprised of a twofold training cycle can produce an acceptable
outcome for the networks that are formed of a feed-forward multilayer
[83]. The twofold training cycle is a forward and a backward stage. The
operation of each stage was explained in detail in some relevant in-
vestigations conducted by other scholars [84]. Those scholars showed
that the input signals proceed forward in each phase and transfer error
signal for each node found in the output layer. This is followed by the
resultant error rates moving backwards and this is how the weights and
biases of network are changed. Generally, several activation functions
are applied to the input to produce the neuron’s output. After that, the
outputs will be transferred as an input to the neuron found in the next
layer. Meanwhile, the difficulty of the problem dealing with will
determine the kind of activation function. As a result, sigmoid transfer
functions (log or tangent sigmoid) may be employed when encountering
non-linear situations. Fig. 1 shows a systematic diagram for an artificial
node j.

Particle swarm optimization

Particle swarm optimization (PSO) was introduced as an optimiza-
tion technique for the first time by Kennedy and Eberhart [85]. The idea
of this computational technique was inspired from the simplified social
systems such as fish swarms that is similar to the nonlinear procedure
contained within PSO. It involves particles that are repetitively search-
ing for optimal values/targets. During the search stage, the positions of
the particles will be altered by using the particles’ gained experiences
and those other particles found in the system. The particle is trained to
reach its best position by following two personal and global positions;
the best personal position (PBEST) and the best global position (GBEST).
Each particle is trained during the processes of the learning stage to
accelerate aiming towards its own PBEST and GBEST positions. To
achieve this, the distance of each particle from its own PBEST and
GBEST positions will be used as a basis for the calculation of new ve-
locity term. Hence, the new position of the particle in the following
iteration will depend on the new value of the velocity. For the purpose of
achieving the value of the updated velocity and movement of the par-
ticle, Egs. (1) and (2), respectively are employed within the PSO. To be
more precise, Eq. (1) is used to calculate the actual movement of the
particle through its specific velocity vector whereas Eq. (2) is employed
to direct the provided velocity vector into its own PBEST and GBEST.

Voew = V +C; x (pbestffj +C; x (gbestfﬁ) 0
Pocw = P+ View @)

In which, V., refers to the updated velocity of the particle, V' stands
for the current velocity of the particle, p,.. determines the new position
of the particle, P signifies the current position of the particle, C; and C,

are pre-specified coefficient, and M and gvbe§ denote the personnel
and global best positions of the particle. Meanwhile, there are many
research papers published in the literature which provided more
detailed explanation of the PSO and its structure [86]. Fig. 2 demon-
strates a detailed flowchart for the PSO.

Imperialist competitive algorithm

The imperialist competitive algorithm (ICA) was pioneered by
Atashpaz-Gargari and Lucas [87] to be implemented in solving the
different problems of optimization. The algorithm used in the ICA is
based on population and it is utilized for the global search to find the
optima and the rate of convergence. The operation in ICA starts by
random initial population solution, while the initial population solution
in other optimization algorithms (OAs), such as PSO, is comprised of
individuals that are named as particles and chromosomes, respectively.
In ICA, the individuals are referred to as countries and the best countries
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Fig. 1. Mathematical model for the artificial neuron.
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Fig. 2. Detailed flowchart for the algorithm of PSO [85].

of the highest power are identified as imperialists. While the remainder
of the countries in the scenario of ICA are described as colonies of the
imperialists. The design of the ICA originally follows the real socio-
politic competition at which the imperialists in the real world nor-
mally compete each other trying to control or take the colonies. The
most powerful countries in the ICA algorithm are those that are asso-
ciated with the least cost and will have the ability to take the ownership
of more colonies. The ICA is usually consisted of three main operators
called as assimilation, revolution, and competition. The role of the
assimilation operator is to guide the colonies to grow into imperialists in
order to gain more power and control, obtain better cultural level and
improved economy. The colonies get a good chance during the assimi-
lation and revolution operators to reach a position that is better than
their respective imperialists and this will result in the colonies taking the
control of the empire. On the contrary, during the competition operator,
the imperialists will have great opportunities to adopt more and more
colonies. This process will result in every empire trying to possess other
empire’s colonies by force. Hence, every imperialist will be able to adopt
at least one colony that has been adopted by the weakest empire and this
will entirely depend on their power. The weakest empire will be totally
collapsed by the competition operator processes, while the strongest

empires will be able to have more colonies which will result in
increasing their power to the most possible level. This process will be
repeated until only one strongest empire will survive and take control,
and all the other weak empires will be collapsed and changed into col-
onies. Meanwhile, the available literature demonstrated more details
and explanation for the applications of the ICA [87,88]. The processes of
ICA from the beginning until the end are illustrated in Fig. 3.

Hybrid models

The capabilities of the ANN models were improved by employing the
OAs such as PSO, genetic algorithm, and ICA by many scholars working
in the field of engineering and sciences [89,90]. It is probably possible
for the ANN models to obtain a wrong or objectionable prediction due to
the weak ability of BP models in exploring the global minimum in an
unacceptable accuracy [91]. ANN models have high possibility of giving
strong local minima when generating the algorithms, but the optimi-
zation algorithms can overcome this situation by determining the weight
and biases of the ANN. Hence, the space of searching in this case will
face the global minimum due to the usage of the OAs. In this condition,
the ANN model will be the determining factor of the most logical
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Fig. 3. Flow chart illustrating the structure and algorithm of ICA.

outcomes obtained by the hybrid ANN based models. This study used Performance index
two hybrid ANN-based models (i.e., PSO-ANN, and ICA-ANN) for the

prediction of the UCS of treated soil. This is followed by comparing the The performance index of the hybrid ANN-based models is normally
prediction results obtained by both hybrid ANN-based models in order evaluated by performing calculation of two different statistical param-
to choose the best model among those. Figs. 4 and 5 show the ways of eters named as root mean square error (RMSE) and the determination’s
combinations of ANN model with ICA and PSO OAs which can be used coefficient (R?). When the values of RMSE are low, this indicate that the
for prediction purposes. predication is good and accurate. While for the R?, the higher value

represents a good agreement between the measured and the estimated

Neural Network learning process using PSO
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Fig. 4. Neuro-swarm flowchart.
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values. The following Egs. (3) and (4) show the calculation of these
statistical parameters mentioned earlier:

RMSE — % 3 -y 3)
i=1
21 o (xi = Yi)z
R*=1 <—Z?1(Xa _X)2> @

where the total number of databases is represented by the symbol n and
the estimated and targeted values are respectively denoted by x; and y;.

The R? and RMSE were used in the evaluation of the accuracy and
consistency of the developed neutral networks. The RMSE is usually
implemented in presenting short term data that is considered a guideline
to show the difference between the predicted data and the one obtained
during the laboratory testing. When obtaining a low RMSE value, this
indicates a good and precise evaluation. On the other hand, the inter-
preted variation by the model is evaluated with the R? that can be the
decrease in variation while employing the model. The value of R? is
measured in the range from zero to one and the good analyzing capa-
bility of the model is observed when the value of R? is near one and the
capability is reduced when approaching zero.

Laboratory investigations and established database
Material properties

The materials used in this research are the problematic MC and the
waste of RT. MC is a soft soil collected from Nusajaya, Johor, Malaysia.
Few steps were followed for preparing the soil for experiments; MC was
cleaned from plants and roots, air-dried, grinded and sieved through 2
mm sieve size before being stored in an airtight plastic container. On the
other hand, RT were collected from construction site in Taman Pelangi,
Johor Malaysia that was observed to have plenty of waste for this ma-
terial. Tiles were first cleaned to remove all the foreign materials
sticking on their surface, crushed manually into small pieces by hammer,
crushed further using machine into a mixture containing particles of less
than 5 mm diameter size, and blended into a fine size using Los Angeles
abrasion machine. The mechanical shaker was used to separate the
mixture of tiles into the selected sizes. The macro-structural properties
of MC and RT are listed in Table 1 after Al-Bared et al. [92,93].

Conducted laboratory tests

The untreated and treated specimens of MC underwent the Atterberg
limits tests to observe the changes induced by the treatment on their
index properties. The specimens of MC were passed through a sieve size
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Table 1
Physical and mechanical properties of MC and RT [93].
No. Property MC RT
1 Phase Powder Powder
2 Size (mm) Less than 2 mm Between 0.063 and 0.30 mm
3 Texture Fine Fine and coarse
4 Liquid limit (%) 41 -
5 Plastic limit (%) 12 -
6 Plasticity index (%) 19 -
4 pH 2.8 9
G, 2.52 2.56
7 MDD (Mgm ™) 1590 -
8 OMC (%) 22 -
9 UCS (kPa) 50 -
10 Dominant minerals Quartz Silica and Aluminum dioxide

of 0.425 mm and then mixed with 10, 20, 30, and 40% 0.063, 0.15 and
0.30 mm RT in a dry condition. The mixture of MC and RT was admixed
with distilled water and remained inside airtight plastic bag for 24 h to
make sure the moisture content is properly distributed within the
mixture. The sample preparation and testing were performed in accor-
dance with the BS 1377, part 2 [94]. Fig. 6 shows the test set up for the
Atterberg limits.

Compaction tests were carried out on untreated and treated MC
specimens to examine the size and percentage influence of RT on the
compaction parameters. A compaction mold with diameter and height of
105 and 115.5 mm, respectively was used for the determination of MDD
and OMC. The untreated MC specimen was oven dried, sieved through 2
mm mesh, mixed with the appropriate dried percentage and size of RT,
and thoroughly stirred with the anticipated amount of distilled water.
The preparation of specimens and testing methods followed the BS 1377,
part 4 [95].

The UCS specimens for both untreated and treated MC were prepared
using the predetermined values of MDD and OMC obtained from the
compaction tests. The specimens were remolded inside a triaxial mold
with a dimension of 80 mm height and 38 mm diameter. A total of 12
specimens were used to evaluate the UCS of untreated MC at 0, 7, 14,
and 28 days curing periods. While for the treated specimens, the MC was

Fig. 6. Liquid limit sample and apparatus.
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first mixed with 10, 20, 30, and 40% of 0.063, 0.15 and 0.30 mm RT
until homogeneity was observed. Then, an equal amount of the pre-
determined OMC was added and mixed thoroughly with MC and RT. The
wet mix was put into the triaxial mold in three equal layers and com-
pacted each for 27 blows. A hydraulic jack machine was used to extrude
the cylindrical specimens and the specimens were trimmed using a knife.
The specimens were then put inside airtight plastic bags and stored in
humidity chamber (97% humidity and temperature of 27 °C) for the
required curing period. The UCS testing was conducted on 156 un-
treated and treated specimens under strain-controlled condition at
which the strain was set at 1.52 mm per minute. The specimens prep-
aration and the methods of testing were in accordance with the BS 1377,
part 4 [96].

Results of laboratory investigations

The results of the compaction, pH, Atterberg limits, and UCS tests for
both untreated and treated clay specimens are listed in Table 2. The
Table shows the UCS value as an output while all other influencing
parameters were presented as inputs. Fig. 7 shows the effect of MDD on
the UCS value of the treated specimens using different sizes and pro-
portions of the RT additive. The UCS value was significantly affected by
the increase of the MDD of treated specimens. It was increased with the
increased MDD until reaching a peak value and then slightly started to
drop. The size of the additive also influenced the UCS value and the
smallest micro size resulted with greater UCS value than other sizes. On
the other hand, the effect of the decrease in the OMC was increasing the
UCS value of the treated specimens as shown in Fig. 8. The treatment
resulted in decreasing the OMC and therefore the UCS of the specimens
was increased for all the utilized sizes of the additive. As observed with
MDD, the micro size of RT had the most influencing effect compared
with bigger sizes.

The pH value of the treated specimens using different sizes of RT is
plotted in Fig. 9 to reveal the extent of pH impact on the UCS value. The
decrease in the pH value of the treated specimens was corresponded
with an increase in the UCS value until approaching maximum value at
which the UCS value started to decline. In addition, Fig. 10 shows the
effect of the additive percentage and size and the curing period on the
UCS value of the treated specimens. The percentage of RT played a
significant role in either increasing or decreasing the UCS value of the
treated specimens. For specimens cured for 28 days, higher percentages
of RT resulted in higher UCS value until reaching the optimum per-
centage and then declined. The optimum RT percentage for 0.063, 0.15
and 0.3 mm was 20, 30 and 40%, respectively. The size of RT contrib-
uted to increase the UCS value and 0.3 mm indicated the highest value of
UCS. However, 0.063 mm size attained almost similar UCS value with
lower percentage of RT compared to 0.3 mm. Hence, 0.063 mm is
considered to be the optimum size from environmental and economical
point of view.

Input selection

To develop a generic model that would be able to predict the UCS
value of untreated and treated clay soil, various percentages and sizes of
additive, curing time, and other influencing parameters are considered.
The index and mechanical parameters such as the liquid limit, plastic
limit, plasticity index, MDD, OMC, and pH are observed to have a great
influencing effect on the prediction of UCS. The liquid limit of clayey
soils is always correlated with the soil’s behavior due to the importance
of this parameter. The inter particle cementation of clayey soils is
indicated using the liquidity index. The significance of the pH value is
reflected during the stabilization/treatment processes of clayey soils as
it controls the cementation reaction. When the pH value is high, better
stabilization can be achieved as this will help to dissolve the existing
silica and alumina within the soil to react with the calcium forming
calcium silicate hydrates and calcium aluminum hydrates. Moreover,
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Table 2

Laboratory data used in the estimation of the UCS of untreated and treated MC.
Input parameter Output
Mixture % of RT Size of RT (mm) Curing Time (days) MDD kg m-3 OMC (%) pH PI (%) UCS (kPa)
UMC 0 0 0 1.59 22 2.89 19 50
UMC 0 0 0 1.59 22 2.89 19 50
UMC 0 0 0 1.59 22 2.89 19 52
UMC 0 0 7 1.59 22 2.89 19 50
UMC 0 0 7 1.59 22 2.89 19 50
UMC 0 0 7 1.59 22 2.89 19 50
UMC 0 0 14 1.59 22 2.89 19 50
UMC 0 0 14 1.59 22 2.89 19 50
UMC 0 0 14 1.59 22 2.89 19 50
UMC 0 0 28 1.59 22 2.89 19 50
UMC 0 0 28 1.59 22 2.89 19 50
UMC 0 0 28 1.59 22 2.89 19 50
TMC 10 0.063 0 1.66 19 2.73 18.27 75
TMC 10 0.063 0 1.66 19 2.73 18.27 80
TMC 10 0.063 0 1.66 19 2.73 18.27 85
TMC 10 0.063 7 1.66 19 2.73 18.27 133
TMC 10 0.063 7 1.66 19 2.73 18.27 143
TMC 10 0.063 7 1.66 19 2.73 18.27 137
TMC 10 0.063 14 1.66 19 2.73 18.27 180
T™MC 10 0.063 14 1.66 19 2.73 18.27 181
TMC 10 0.063 14 1.66 19 2.73 18.27 178
TMC 10 0.063 28 1.66 19 2.73 18.27 200
TMC 10 0.063 28 1.66 19 2.73 18.27 202
TMC 10 0.063 28 1.66 19 2.73 18.27 199
TMC 20 0.063 0 1.67 19 2.69 15.54 80
TMC 20 0.063 0 1.67 19 2.69 15.54 88
T™MC 20 0.063 0 1.67 19 2.69 15.54 85
TMC 20 0.063 7 1.67 19 2.69 15.54 133
TMC 20 0.063 7 1.67 19 2.69 15.54 142
T™MC 20 0.063 7 1.67 19 2.69 15.54 137
TMC 20 0.063 14 1.67 19 2.69 15.54 210
TMC 20 0.063 14 1.67 19 2.69 15.54 217
TMC 20 0.063 14 1.67 19 2.69 15.54 219
TMC 20 0.063 28 1.67 19 2.69 15.54 223
TMC 20 0.063 28 1.67 19 2.69 15.54 217
TMC 20 0.063 28 1.67 19 2.69 15.54 222
TMC 30 0.063 0 1.72 18 2.65 15.59 114
TMC 30 0.063 0 1.72 18 2.65 15.59 109
TMC 30 0.063 0 1.72 18 2.65 15.59 110
TMC 30 0.063 7 1.72 18 2.65 15.59 136
TMC 30 0.063 7 1.72 18 2.65 15.59 138
TMC 30 0.063 7 1.72 18 2.65 15.59 143
TMC 30 0.063 14 1.72 18 2.65 15.59 155
TMC 30 0.063 14 1.72 18 2.65 15.59 154
TMC 30 0.063 14 1.72 18 2.65 15.59 152
TMC 30 0.063 28 1.72 18 2.65 15.59 156
TMC 30 0.063 28 1.72 18 2.65 15.59 159
TMC 30 0.063 28 1.72 18 2.65 15.59 161
TMC 40 0.063 0 1.73 16.5 2.61 12.84 116
T™MC 40 0.063 0 1.73 16.5 2.61 12.84 118
TMC 40 0.063 0 1.73 16.5 2.61 12.84 121
TMC 40 0.063 7 1.73 16.5 2.61 12.84 125
TMC 40 0.063 7 1.73 16.5 2.61 12.84 110
TMC 40 0.063 7 1.73 16.5 2.61 12.84 120
TMC 40 0.063 14 1.73 16.5 2.61 12.84 137
TMC 40 0.063 14 1.73 16.5 2.61 12.84 134
T™MC 40 0.063 14 1.73 16.5 2.61 12.84 129
TMC 40 0.063 28 1.73 16.5 2.61 12.84 158
TMC 40 0.063 28 1.73 16.5 2.61 12.84 158
TMC 40 0.063 28 1.73 16.5 2.61 12.84 159
TMC 10 0.15 0 1.7 18 2.7 13.94 97
TMC 10 0.15 0 1.7 18 2.7 13.94 96
T™MC 10 0.15 0 1.7 18 2.7 13.94 99
TMC 10 0.15 7 1.7 18 2.7 13.94 111
TMC 10 0.15 7 1.7 18 2.7 13.94 124
TMC 10 0.15 7 1.7 18 2.7 13.94 127
TMC 10 0.15 14 1.7 18 2.7 13.94 160
TMC 10 0.15 14 1.7 18 2.7 13.94 170
TMC 10 0.15 14 1.7 18 2.7 13.94 168
TMC 10 0.15 28 1.7 18 2.7 13.94 180
TMC 10 0.15 28 1.7 18 2.7 13.94 177
TMC 10 0.15 28 1.7 18 2.7 13.94 186
TMC 20 0.15 0 1.71 18 2.68 13.15 98

(continued on next page)



M.A.M. Al-Bared et al. Transportation Geotechnics 30 (2021) 100627

Table 2 (continued)

Input parameter Output
Mixture % of RT Size of RT (mm) Curing Time (days) MDD kg m-3 OMC (%) pH PI (%) UCS (kPa)
TMC 20 0.15 0 1.71 18 2.68 13.15 100
TMC 20 0.15 0 1.71 18 2.68 13.15 96
TMC 20 0.15 7 1.71 18 2.68 13.15 158
TMC 20 0.15 7 1.71 18 2.68 13.15 160
TMC 20 0.15 7 1.71 18 2.68 13.15 166
TMC 20 0.15 14 1.71 18 2.68 13.15 190
TMC 20 0.15 14 1.71 18 2.68 13.15 191
TMC 20 0.15 14 1.71 18 2.68 13.15 190
TMC 20 0.15 28 1.71 18 2.68 13.15 192
TMC 20 0.15 28 1.71 18 2.68 13.15 194
TMC 20 0.15 28 1.71 18 2.68 13.15 190
TMC 30 0.15 0 1.74 17.8 2.67 11.82 98
TMC 30 0.15 0 1.74 17.8 2.67 11.82 111
TMC 30 0.15 0 1.74 17.8 2.67 11.82 102
TMC 30 0.15 7 1.74 17.8 2.67 11.82 158
TMC 30 0.15 7 1.74 17.8 2.67 11.82 172
TMC 30 0.15 7 1.74 17.8 2.67 11.82 170
TMC 30 0.15 14 1.74 17.8 2.67 11.82 204
TMC 30 0.15 14 1.74 17.8 2.67 11.82 200
TMC 30 0.15 14 1.74 17.8 2.67 11.82 188
TMC 30 0.15 28 1.74 17.8 2.67 11.82 205
TMC 30 0.15 28 1.74 17.8 2.67 11.82 199
TMC 30 0.15 28 1.74 17.8 2.67 11.82 201
TMC 40 0.15 0 1.74 17 2.64 12.76 122
TMC 40 0.15 0 1.74 17 2.64 12.76 134
TMC 40 0.15 0 1.74 17 2.64 12.76 128
TMC 40 0.15 7 1.74 17 2.64 12.76 146
TMC 40 0.15 7 1.74 17 2.64 12.76 135
TMC 40 0.15 7 1.74 17 2.64 12.76 132
TMC 40 0.15 14 1.74 17 2.64 12.76 172
TMC 40 0.15 14 1.74 17 2.64 12.76 175
TMC 40 0.15 14 1.74 17 2.64 12.76 165
TMC 40 0.15 28 1.74 17 2.64 12.76 182
TMC 40 0.15 28 1.74 17 2.64 12.76 181
TMC 40 0.15 28 1.74 17 2.64 12.76 179
TMC 10 0.3 0 1.69 19 2.78 13.99 118
TMC 10 0.3 0 1.69 19 2.78 13.99 124
TMC 10 0.3 0 1.69 19 2.78 13.99 122
TMC 10 0.3 7 1.69 19 2.78 13.99 149
TMC 10 0.3 7 1.69 19 2.78 13.99 161
TMC 10 0.3 7 1.69 19 2.78 13.99 154
TMC 10 0.3 14 1.69 19 2.78 13.99 157
TMC 10 0.3 14 1.69 19 2.78 13.99 171
TMC 10 0.3 14 1.69 19 2.78 13.99 163
TMC 10 0.3 28 1.69 19 2.78 13.99 205
TMC 10 0.3 28 1.69 19 2.78 13.99 195
TMC 10 0.3 28 1.69 19 2.78 13.99 203
TMC 20 0.3 0 1.67 16.7 2.75 12.65 135
TMC 20 0.3 0 1.67 16.7 2.75 12.65 126
TMC 20 0.3 0 1.67 16.7 2.75 12.65 129
TMC 20 0.3 7 1.67 16.7 2.75 12.65 166
TMC 20 0.3 7 1.67 16.7 2.75 12.65 154
TMC 20 0.3 7 1.67 16.7 2.75 12.65 159
TMC 20 0.3 14 1.67 16.7 2.75 12.65 166
TMC 20 0.3 14 1.67 16.7 2.75 12.65 162
TMC 20 0.3 14 1.67 16.7 2.75 12.65 158
TMC 20 0.3 28 1.67 16.7 2.75 12.65 206
TMC 20 0.3 28 1.67 16.7 2.75 12.65 197
TMC 20 0.3 28 1.67 16.7 2.75 12.65 200
TMC 30 0.3 0 1.75 16.5 2.72 12.42 134
TMC 30 0.3 0 1.75 16.5 2.72 12.42 138
TMC 30 0.3 0 1.75 16.5 2.72 12.42 132
TMC 30 0.3 7 1.75 16.5 2.72 12.42 165
TMC 30 0.3 7 1.75 16.5 2.72 12.42 166
TMC 30 0.3 7 1.75 16.5 2.72 12.42 163
TMC 30 0.3 14 1.75 16.5 2.72 12.42 178
TMC 30 0.3 14 1.75 16.5 2.72 12.42 180
TMC 30 0.3 14 1.75 16.5 2.72 12.42 168
TMC 30 0.3 28 1.75 16.5 2.72 12.42 229
TMC 30 0.3 28 1.75 16.5 2.72 12.42 224
TMC 30 0.3 28 1.75 16.5 2.72 12.42 222
TMC 40 0.3 0 1.77 15 2.7 10.57 134
TMC 40 0.3 0 1.77 15 2.7 10.57 135
TMC 40 0.3 0 1.77 15 2.7 10.57 136

(continued on next page)
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Input parameter Output
Mixture % of RT Size of RT (mm) Curing Time (days) MDD kg m-3 OMC (%) pH PI (%) UCS (kPa)
T™MC 40 0.3 7 1.77 15 2.7 10.57 176
TMC 40 0.3 7 1.77 15 2.7 10.57 170
TMC 40 0.3 7 1.77 15 2.7 10.57 165
T™MC 40 0.3 14 1.77 15 2.7 10.57 232
TMC 40 0.3 14 1.77 15 2.7 10.57 222
TMC 40 0.3 14 1.77 15 2.7 10.57 225
TMC 40 0.3 28 1.77 15 2.7 10.57 237
T™MC 40 0.3 28 1.77 15 2.7 10.57 230
TMC 40 0.3 28 1.77 15 2.7 10.57 225
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Fig. 8. Impact of OMC on the value of UCS of improved specimens.

the compaction parameters of soil play an important role in predicting
the UCS value of clayey soils. The reduction of OMC would definitely
result in increasing the UCS value of the treated clay specimens as the
affinity of soil molecules to absorb water is reduced when the soil is
improved. Besides, the MDD of soil reflects the unit weight at which the
soil is approximately free from air voids and the soil particles are intact
or very close to each other. Therefore, the MDD control the strength and

10
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3% 30% 40% 400% 40%

Fig. 10. Effect of inclusion of different percentages and sizes of RT on the UCS
value of MC.

stiffness of soil and affect the stabilization of soil. When MDD and OMC
of soil are high and low, respectively, the chances for better improve-
ment are increased.

The prediction of the UCS value for untreated and treated soils
usually depends highly on the influencing soil parameters as reported by
many recent studies. For instance, the prediction of the UCS value of
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treated soil was investigated by Motamedi et al. [2] using the curing
time and the percentage of additives. In addition, Soleimani et al. [35]
used the factors of liquid limit, plastic limit, plasticity index, percentage
and concentration of additives for the prediction of the UCS value of soil
treated with geopolymer. Narendra et al. [17] used parameters such as
liquid limit (LL), liquidity index (LI), pH and sodium ion concentration
(Na") for the prediction of the UGS value of soft grounds.

Intelligent modelling and assessment
Modelling

Neuro-swarm model

The modelling stages should be started by determining the most
influential parameters of the ANN system itself. However, before that,
the data should be normalized. A certain equation was suggested by Liou
et al. [91] for the normalization of the datasets at the beginning of the
modelling process in a way to make the following process simplified:

Xnorm = (X - Xmin) / (Xmax - Xmin) (5)
where, minimum and maximum values of X are denoted by X;;; and
Xmax, respectively, X is the measured value, and Xpom signifies the
normalized value.

Some researchers suggested using only one hidden layer in ANN
[79,97,98] and some others proposed an ANN model with more than one
hidden layer for solving their problems [99,100]. Therefore, we exam-
ined hidden layers of one, two and three on our data to predict the UCS
of treated marine soil. The results of this parametric study (PS) showed
that one hidden layer can receive more accurate prediction performance
compared to other implemented numbers. The number of neurons is
another important factor in ANN performance that should be deter-
mined using another PS. According to previous studies, values of 5, 6, 7,
8, 9, 10, 11, 12, 13, 14, and 15 were considered and used in the
modelling of this part where their RMSE values were evaluated. From
these analyses, it was found that the hidden neuron number of 10 pro-
vides closer UCS values to the measured ones and due to that this value
was selected for the best ANN model. Therefore, based on results of these
PSs, a model with seven input variables, 10 hidden neurons and one
output neuron as the best ANN model is introduced and the rest of
modelling in this research is conducted with this model as reference in
part of ANN. It is worth noting that a combination of 80-20% of the total
number of data samples was selected and used in this study as training
and testing datasets, respectively.

In the neuro-swarm modelling, the first stage involves the selection
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of swarm size and number of iterations at the same time. With the help of
PS, the swarm size was set to a range from 50 to 500 with the incre-
mental step of 50, and the maximum number of iterations was set to 500.
As a result, 10 neuro-swarm predictive models were configured for the
purpose of predicting the UCS value of the treated marine soil on the
basis of RMSE given in Fig. 11. To do these analyses, in initial iterations,
the RMSE values were considerably reduced for all models; after that,
the alteration of the values was minimized gradually until reaching a
constant value. As depicted in Fig. 11, the minimum error was achieved
in the case where the swarm size was fixed at 450. In addition, it can be
clearly observed that RMSE reached to a constant value after 300 iter-
ations. Therefore, for the modelling purposes in the present paper, the
swarm size and the number of iterations were fixed at 450 and 300,
respectively, in order to predict the UCS of the treated marine soil.
Then, in the second stage, the C; and C, parameters are determined.
Similar to the former stages, PS was implemented with a range of C; and
C, values to explore the best suited to our model. To this end, the neuro-
swarm models were constructed with the following setting: (C; = 2 and
Cg = 2), (C] =1.5and C2 = 1.5), (C] =1,75 and Cg = 1.75), (C] =2and
Cy=1.5), (C;=1.5and C3 = 2), and (C; = 2.5 and C5 = 2.5). RMSE and
R? were taken into consideration as the criteria for evaluating the pre-
dictive performance of the models (see Table 3). As confirmed by the
results given in Table 3, the velocity coefficients have significant effects
on the neuro-swarm models because the results significantly differ from
one combination to another. Though, it is not easy to select the optimal
model just by considering PIs since, as can be observed, there are only
small differences among the relevant statistics. To cope with this chal-
lenge, the present paper makes use of a simple ranking approach
introduced by Zorlu et al. [101] in which each neuro-swarm model can
be graded separately on the basis of its capacity of training and testing
data sets. The best PI within this ranking system receives the highest
rank, 6, whereas the worst one is assigned with the lowest rank. As
shown by the assigned entire rank scores given in Table 3, amongst the
six neuro-swarm models designed in this study, the first model (or No. 1)
with the ranking of 23 was found the most efficient model in terms of
accuracy in predicting UCS. As a result, both C; and C, were set to 2 and
applied to the last modelling part, which was dedicated to determining
the inertia weight (IW). This parameter in all models was fixed at 0.25.
Another parameter with a high impact on the neuro-swarm models is
IW that, more specifically, affects the accuracy level of these models
[102]. Consequently, the values of 0.25, 0.5, 0.75, and 1 were set for this
parameter in the four neuro-swarm models presented in this paper.
Table 4 presents the results obtained by this setting. The ranking system
was implemented on these PIs in both training and testing phases. Based
on the total rank values (i.e., 16, 8, 8, and 8), among all, Model 1 with IW
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Fig. 11. A simultaneous selection of both swarm size and number of iterations in predicting the UCS of treated marine soil.
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Model No. 3

Model No. 4

Model No. 5

Model No. 6

C;=175,C2=1.75

0.8929 Rank = 3
0.0819 Rank = 3
0.8307 Rank = 3
0.1021 Rank = 3

C;=2,C2=15
0.8301 Rank = 2
0.1024 Rank = 2
0.7921 Rank = 2
0.1172 Rank = 2
8

C;=15C=2
0.8985 Rank = 4
0.0798 Rank = 4
0.8813 Rank = 4
0.0827 Rank = 4
16

C;=25,C,=25
0.9371 Rank = 6
0.0646 Rank = 5
0.9147 Rank = 5
0.0648 Rank = 5
21

Table 3
Six neuro-swarm models with different C; and C, values.
Stage PIs Model No. 1 Model No. 2
C;=2,C2=2 C;=15,C2=1.5
Train R? 0.9345 Rank = 5 0.7774 Rank = 1
RMSE 0.0601 Rank = 6 0.1106 Rank = 1
Test R? 0.9556 Rank = 6 0.7321 Rank = 1
RMSE 0.0641 Rank = 6 0.1575 Rank = 1
Total Rank 23 4 12
Table 4
Four neuro-swarm models with different IW values.
Stage Pls Model No. 1 Model No. 2 Model No. 3~ Model No. 4
IW = 0.25 IW =0.5 IW =0.75 w=1
Train R? 0.9345 0.8992 0.9087 0.9178
Rank = 4 Rank =1 Rank =2 Rank =3
RMSE 0.0601 0.0784 0.0739 0.0705
Rank = 4 Rank =1 Rank = 2 Rank = 3
Test R? 0.9556 0.9174 0.9063 0.8577
Rank = 4 Rank = 3 Rank = 2 Rank =1
RMSE 0.0641 0.0742 0.0805 0.1006
Rank = 4 Rank = 3 Rank = 2 Rank = 1
Total 16 8 8 8
Rank

of 0.25 and the total rank of 16 demonstrated the highest capacity for
fitting the measured and predicting UCS values. For that reason, the
mentioned neuro-swarm model was chosen as the optimal model ob-
tained from 3 PSs. Its accuracy level in the prediction of UCS of the
treated marine soil is discussed later in detail.

Neuro-imperialism model

Here, the modelling steps taken by the neuro-imperialism technique
to estimate the UCS values of treated marine soil are described. As
mentioned earlier, three parameters, i.e., the number of IMPs, number of
decades, and number of countries, significantly affect the performance
capacity of the neuro-imperialism model. Therefore, there is need to
design these parameters and achieve the optimum values for the pa-
rameters with the use of different PSs. To simultaneously select the
numbers of countries and decades, the first PS was carried out. For that
purpose, comparable to the former section and on the basis of a number
of previously-conducted studies [58,103], in the first PS, the number of
countries was ranged between 50 and 500 with incremental step of 50,

and the maximum number of decades was fixed at 500. Fig. 12 presents
the results obtained from various numbers of countries based on their
number of decades in terms of the prediction of the UCS value of the
treated marine soil. As the figure clearly depicts, most of the numbers of
countries are converged in RMSE values in the range of 0.09-0.11. When
the number of countries was fixed at 350, the minimum RMSE was ob-
tained. In addition, when the number of decades was fixed at 350, no
more reduction was observed in RMSE. As a result, this value was chosen
as the optimum number of decades applicable to modelling the neuro-
imperialism model.

Up to this point, the optimal numbers of countries and decades were
determined; now, it is the time to execute another PS to determine the
best value of the number of IMPs. To do this, IMP was ranged from 5 to
10. Table 5 presents the results obtained by this PS on the basis of R?,
RMSE and the ranking system. The R? values ranging from 0.8 to 0.95
were obtained for training and testing, respectively, which show a high
efficiency of the neuro-imperialism models regarding the UCS predic-
tion. The neuro-imperialism models of numbers 1 to 6 obtained the rank
values of 14, 14, 19, 11, 16, and 10, respectively. It reveals the highest
predictive capability of Model 3 (with IMP of 7). As a result, this model
was chosen for the purpose of this study to estimate the UCS value of the
treated marine soil. For this model, 350, 350 and 7 were obtained as the
optimal values for the number of countries, number of decades and
number of IMPs, respectively. The following section discusses this model
and its obtained results.

Model assessment

In this sub-section, the results of the hybrid ANN-based models in the
prediction of the UCS of the treated marine soil are discussed. Numerous
PIs, as noted earlier, can be used for the aim of evaluating the prediction
capability of a model. In this part, R? and RMSE were chosen to be
computed for the developed models. The mentioned PIs were calculated
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Fig. 12. A simultaneous selection of both No. of countries, No. of decades in predicting the UCS of treated marine soil.
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Table 5
Six neuro-imperialism models with different IMP values.
Stage PIs Model No. 1 Model No. 2 Model No. 3 Model No. 4 Model No. 5 Model No. 6
IMP =5 IMP =6 IMP =7 IMP =8 IMP =9 IMP =10
Train R? 0.8908 Rank = 6 0.8711 Rank = 5 0.8415 Rank = 3 0.8138 Rank = 1 0.8576 Rank = 4 0.8325 Rank = 2
RMSE 0.0844 Rank = 6 0.0913 Rank =5 0.0930 Rank = 4 0.1011 Rank = 2 0.0970 Rank = 3 0.1030 Rank = 1
Test R? 0.7979 Rank =1 0.8218 Rank = 2 0.9538 Rank = 6 0.9042 Rank = 5 0.8735 Rank = 4 0.8568 Rank = 3
RMSE 0.1023 Rank = 1 0.0958 Rank = 2 0.0574 Rank = 6 0.0942 Rank = 3 0.0784 Rank = 5 0.0913 Rank = 4
Total Rank 14 14 19 11 16 10

based on their formulas for the best neuro-swarm and neuro-imperialism
models achieved within the former section.

Figs. 13-15 present the results of the neuro-swarm model and
Figs. 13 and 14 depict the results of the calculated and estimated soil
UCS values using the neuro-swarm model in both training and testing
stages, respectively. Moreover, Fig. 15 illustrates the R? values of the
training and testing stages of the developed neuro-swarm model.
Figs. 16-18 demonstrate the same details for the neuro-imperialism
model in the prediction of the UCS value of the treated marine soil.

Regarding the estimation capability, the hybrid neuro-swarm model
was clearly capable of offering a better correlation between the
measured and estimated UCS of the soil. In case of the training stage, the
R? values of 0.8415 and 0.9345 for the neuro-imperialism and neuro-
swarm models, respectively, revealed that the latter outperformed the
other one in the model development stage. The results of an efficient
model development stage can be observed in the testing stage as the R?
values of 0.9538 and 0.9556 were achieved for the testing stage of and
the neuro-imperialism and neuro-swarm models, respectively. The
predicted and measured soil UCS values given in the mentioned figures
show clearly the high capability of PSO in the optimization of the
weights and biases of ANN. With appropriately optimizing the weights
and biases of ANN, the performance capability of the neuro-swarm
model could be higher than that of the neuro-imperialism model.

As well proved by the modelling process results, both the neuro-
swarm and the neuro-imperialism models presented in the current
paper are capable of accurately predicting the UCS values of soil.
Nevertheless, when a new data is available, the neuro-swarm model was
found more successful than the other one. Remember that the intelligent
models developed in the current research are applicable with the same
range of the input parameters used in the modelling process of this

paper.
Discussion

During soil stabilization using cementitious or recycled based

cementitious materials, the improvement in UCS value of soil is first
indicated by the increase of the MDD and the decrease of OMC during
compaction. In this study, the addition of the recycled ceramic in various
percentages and sizes increased the MDD and reduced the OMC as
illustrated in Figs. 7 and 8. The increase in MDD with the additions of
additive is dependent on the particle size and specific gravity of RT at
which the MC particles with low specific gravity and fineness were
coated by RT particles of high specific gravity forming bigger aggregates
that occupied larger spaces [104]. Whereas the reduction in OMC can be
due to the decrease in the affinity of the MC particles to absorb higher
quantities of water molecules. Similar results were obtained by various
researchers who used cementitious/recycled based cementitious mate-
rials to treat soils [105]. The slight decrease in the pH value of the
treated soil resulted in slight increase in acidity of treated soil. This
slight increment in acidity of treated soil increased the free hydrogen
ions (H") within the soil and increased the chances for soil reactions.
Consequently, the UCS value was increased and the soil become more
intact [18].

The sharp increase in the unconfined compressive strength of un-
treated MC by the addition of various percentages and sizes of RT could
be due to the availability of high quantities of silica and alumina within
MC and RT and also cementitious based minerals within RT such as
calcium, sodium and magnesium. The silica and alumina react with the
cementitious minerals to form new cementitious compounds such as
sodium aluminum silicate and aluminum silicate hydrates responsible
for the increased UCS value. As a result, the UCS value of the treated
specimens was increased with the increased of curing time which allow
the hydration and the pozzolanic reactions to be completed. When
comparing the UCS results of the different sizes of RT, it is observed that
the micro size (less than 0.063 mm) was the optimum size and the
amount required of this size to achieve the highest strength was lower
than the other sizes. Those results were in a close agreement with the
limited available literature on improving the strength of soft soils using
ceramic tile materials either in a crushed or powdered forms [106].

In terms of intelligence modelling, this study introduces two new
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Fig. 13. Train stage results of the introduced neuro-swarm model in predicting the UCS of treated marine soil.
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Fig. 14. Test stage results of the introduced neuro-swarm model in predicting the UCS of treated marine soil.
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Fig. 16. Train stage results of the introduced neuro-imperialism model in predicting the UCS of treated marine soil.

hybrid ANN models namely neuro-swarm and neuro-imperialism
models. These techniques are able to optimize ANN weights and bia-
ses to get a higher level of accuracy for prediction purposes using PSO
and ICA OAs, respectively. After performing a series of PSs, the best
neuro-swarm and neuro-imperialism models were selected to predict the
UCS of treated marine soil. However, when considering system error, it
is obvious that the PSO optimization algorithm is more powerful

14

compared to the ICA technique. The optimum weights and biases of the
ANN model cause the lowest system error in a hybrid ANN-based system.
Therefore, RMSE values of (0.0601 and 0.0641) for training and testing
datasets respectively, can be expected for the neuro-swarm model based
on the above discussion. It can be expressed that to solve the defined
problem related to the soil UCS prediction, the developed neuro-swarm
(because of PSO optimization technique) model was found more
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Fig. 17. Test stage results of the introduced neuro-imperialism model in predicting the UCS of treated marine soil.
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Fig. 18. R? values of the introduced neuro-imperialism model.

powerful and applicable compared to the developed neuro-imperialism
model. Hence, the predicted soil UCS values obtained by the neuro-
swarm model are more accurate than those obtained by the neuro-
imperialism predictive technique. This study introduces the neuro-
swarm (i.e., PSO-ANN) as a powerful and accurate model to solve soil
UCS problem in the treated marine soil.

Conclusions

In this study, several laboratory tests were conducted such as liquid
limit, plastic limit, pH, moisture content, compaction, and UCS to assess
the behavior of untreated and RT-treated marine clay and to predict the
UCS value of the samples. These tests were conducted according to the
standards on remolded samples (38 mm diameter and 76 mm height)
obtained from Nusajaya, Johor, Malaysia and prepared using different
percentages and sizes of RT additive. This study was limited to remolded
samples of marine clay of 80 mm height and 38 mm diameter. The
findings of this research are drawn in the following conclusions:

e The measured UCS value of the RT-treated samples was improved
with the increased of the curing time regardless of the material
contents. The addition of the recycled additive resulted in decreasing
the pH and the optimum moisture content of the improved soil while
increasing the maximum dry density which significantly influenced
the results of the UCS.

15

e The results of the hybrid ANN-based models used to predict the UCS
of the treated marine clay samples showed that the neuro-swarm
model was better than the neuro-imperialism model in model
development stage. Results of a good attempt in model development
stage can be seen in testing stage as R? values of 0.9556 and 0.9538
were obtained for testing stage of the neuro-swarm and the neuro-
imperialism models, respectively.

e The proposed models can be used in initial design of geotechnical
structures when soil strength value is required. The accuracy of the
developed models is good enough for such projects. However, in
order to develop models with a higher degree of accuracy, some
newer optimization techniques such as gray wolf optimization, and
moth flame optimization can be combined with ANN and ANFIS and
fuzzy models for the UCS prediction.
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