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Abstract

The current study aims at predicting the strength of the problematic clayey

soils treated with combinations of pozzolan of natural sources and lime powder

when added as soil additives at a nano scale. Multiple linear regression (MLR), artificial
neural networks (ANN) and fuzzy logic (FL) tools were employed in the analytical study.
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The variables of the present study include the following: nano pozzoaln of natural
source (NNP) content, nano lime content (NL), median particle size of NNP, active
silica content of NNP (SiO,, ). Initial liquid limit (ILL) and initial plastic limit (IPL)

of the investigated soils. NNP was added at five percentages, i.e. 0%, 0.5%, 1%, 1.5%
and 2%, while NL was added at five percentages, i.e. 0%, 0.3%, 0.6%, 0.9% and 1.2%.
Three median particle sizes namely 50, 100 and 500 nm size were studied. Based

on the different investigated soils and combinations, 120 soil mixtures were prepared
and tested. California bearing ratio (CBR) and plasticity index (Pl) were particularly
examined. CBR tests were conducted at a soaked condition on specimens compacted
to a maximum dry density (MDD) at the optimum moisture content (OMC). Pl values
were obtained following the Atterberg limits test. Based on the results of the perfor-
mance criteria of the developed predictive models, it can be concluded that the CBR
and Pl of the expansive clayey soils can be effectively predicted using ANN and FL
techniques. The results obtained by MLR were far from those obtained by both ANN &
FL. In addition, ANN tool was slightly more accurate than FL as far as prediction of CBR
and Plis concerned. The higher capability of ANN & FL. models in predicting CBR & PI
values, which generally obtained through time-consuming and expensive tests, could
be useful for geotechnical engineers to assess or design a new pavement project. Fur-
ther, it is recommended to do a re-evaluation of the current study in future, particularly
when more data is available in the literature.
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Introduction

Problematic soils, such as expansive clayey soils, with poor geotechnical properties are
frequently encountered worldwide. In Syria, the southern and southern-east provinces
are particularly covered with such problematic soils [11]. Therefore, there is an urgent
need to mitigate the effects of their undesirable properties, such as high plasticity, high
compressibility, low strength, and high sensitivity to the variations in water content
to make such soils suitable for possible construction and road projects [4, 12, 16]. The
stabilization of problematic soils was introduced many years ago with the main aim of
making soils capable of meeting the requirements of specific technical projects. Several
attempts were made to stabilize these problematic soils using natural additives, such as
lime and natural pozzolan [43, 46, 54, 62]. However, these additives were mostly used at
micro levels. There is a lack of investigation into the use of nano natural additives for soil
improvement applications [11, 13].

The pavement courses consist mainly of a surface layer (generally a bituminous layer)
constructed on a base and sub-base layers, Fig. 1. These layers are usually laid on a com-
pacted subgrade [81]. Sub-base materials are usually local aggregates. The subgrade
course, which may be considered the functional part of the pavement, should be properly
compacted to be able to carry the loads originating from the vehicles and the weights of
the upper layers. Therefore, as the pavement will rest on this layer, it should be care-
fully examined and evaluated [5]. One of the most widely tools to assess the strength of
the subgrade layer is the CBR test which can be of a great importance to the pavement
designers. The pavement that will be rested on a subgrade layer having a lower CBR
value will be thicker when compared with a subgrade layer having a higher CBR value
[47]. Generally, all types of expansive clayey soils have very low CBR values. To be suit-
able for pavement construction materials, they should be improved using the possible
stabilization approaches [69]. One of these ecological and economic approaches is the
use of a combination of lime and NP, particularly when added together at a nano scale.

CBR test may be considered costly and laborious, as well as it needs a large amount of
the soil mixture. Therefore, a quick and reliable method to predict CBR value could be
a beneficial approach. Development of such reliable prediction method is the main goal
of the current study. Many researchers have attempted to estimate CBR values using soft
computing systems [7-9, 63, 71, 74, 77, 79]. In Taskiran [74]’ study, an attempt was made
to compare ANN with Gene expression programming (GEP) techniques in predicting
CBR of fine-grained soils. He concluded that both techniques performed best when
seven input parameters were employed in the developed models. He further emphasized
that such predictive models could be helpful tool to be used for preliminary identifica-
tion of soil. Varghese et al. [77] have also estimated the soaked CBR of fine-grained soils
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Fig. 1 Schematic illustration of a pavement construction
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based on four influential input parameters. Their ANN constructed models revealed that
CBR can be accurately predicted. Such an accurate prediction can also make a prelimi-
nary assessment of soil to be used in novel engineering project where there is a financial
shortage and limited time. On the other hand, the study of Yildirim and Gunaydin [79]
has compared ANN with MLR models to predict CBR of 124 fine-grained soils in Tur-
key. MLR and ANN models gave good performance with correlation coefficients exceed-
ing 0.9, while the better performance in Hariri’ study [44] was noted in the ANN model.
Farias et al. [32] found in their study conducted on a wide range of soils, that plasticity
index (PI) was the most influential factor on CBR prediction, while Al-Busultan et al. [8],
based on the sensitivity analysis of the ANN model developed for prediction of CBR,
concluded that PI was the least important factor when compared with the other 15 input
variables.

Plasticity index (PI) is considered very important property of fine-grained soils. PI is
the range of moisture contents where the soil exhibits plastic properties. In general, soils
with high PI values tend to be clay and soils with low PI values tend to have no or little
content of clay. Clayey soils are characterized by higher PI values (" 10) (AASHTO T 89).
PI is the numerical difference between the liquid limit and the plastic limit; i.e. PI=LL—
PL. Soils of probably high volume change have PI values of 30 or more [37, 70].

Unfortunately, there are no studies to sufficiently assess the CBR of problematic soils
stabilized by a combination of nano natural pozzolan and nano lime. Akbari et al. [2]
have studied the effect of adding nanozeolite on stabilized soft soil. However, they added
lime at micro not nano scale. In addition, Onyelowe [59] has investigated the effect
of adding nanostructured clay to a problematic soil. However, they added a fixed per-
centage of 2% of OPC to the untreated and treated soil. Further, Abbasi and Mahdieh
[1], Harichane et al. [42], Cheng et al. [29], Calik and Sadoglu [27], Shah et al. [66] and
Rabab’ah et al. [62] have studied the addition of both of NP and lime for stabilization of
expansive soils. However, these additions were at micro not nano level.

Multiple Linear Regression (MLR) is the simplest method that has been used for pre-
dicting the geotechnical properties of soil [51, 57]. As MLR does not yield reliable pre-
dictions (due to its low flexibility), different machine learning methods have been widely
utilized to estimate the geotechnical properties of soils in a more accurate way. ANN is
the most commonly used in predicting geotechnical properties of soils [8, 15, 16, 24, 63,
74, 79]. The popularity of ANN in civil engineering is attributed to its high adaptability
in finding the complicated relationships between the inputs and the output variables,
which results in higher accuracy of predictions [10, 22, 30, 51, 65, 77].

Although many studies have been focusing on laboratory testing of problematic soils
[1, 11, 43, 62], no work has specifically concentrated on applying the machine learning
for predicting the CBR & PI properties of clayey soils stabilized with a combination of
NNP & NL. Moreover, according to the authors’ knowledge, no predictive models were
reported in the literature on investigating the capability of FL and ANN for prediction
of such properties when the stabilizers are used at nano levels. To fill this gap, three
machine-learning methods, MLR, ANN and FL, were employed to predict CBR & PI
properties. In addition, sensitivity analysis was carried out to measure the importance of
each input variable on predicting the studied geotechnical properties.
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This approach is considered very beneficial as it takes into account the key parameters
such as NNP content, NL content, NNP fineness, SiO,, ;. content of NNP, ILL & IPL.
In addition, the predicted properties may contribute to proposals that may assist the
pavement designers. Further, regions of similar geology such as Jordan and KSA may get
benefits from the current analytical study. Furthermore, the rebuilding stage in Syria will
inevitably need such economic approaches.

Experimental dataset and the studied variables

Unfortunately, the authors could not find further data relating to the use of combina-
tions of NNP & NL as soil stabilizers in the literature. Therefore, the analyzed dataset
was constructed on experimental results carried out by the authors on NNP-NL-based
clayey soils. One hundred and twenty soil mixtures were experimentally prepared
with five NNP contents, namely: 0%, 0.5%, 1%, 1.5% and 2%, five NL contents, namely:
0%, 0.3%, 0.6%, 0.9% and 1.2% with three NNP sizes; i.e. 50, 100 and 500 nm and five
SiOy,ctive contents of NNP. Figure 2 shows some details on the NNP & NL used in the
experimental part, and Fig. 3b shows the particles size distribution for both NNP & NL
used in the experiments. It is worth mentioning that the nanoparticles tend to agglomer-
ate when using at high levels (i.e. more 3%) [13, 41]. Such agglomeration may hinder the
nanoparticles to perform well in the soil mixtures. Consequently, the expected enhance-
ment offered by the nano-additives when used at high dosages will be extremely affected.
Therefore, there is a need to disperse the nanoparticles before its use in the mixtures
[61]. For this purpose, nano-additives are mixed with water using ultra-sonic mixer for 3
min. This may effectively help in limiting the nano particles to agglomerate.

The investigated natural pozzolan was quarried from southeast of Syria, from a quarry
located at the northeast of Harrat al-Shaam volcanic field which is a basaltic province
of about 50,000 km? covering parts from Syria, Jordan and KSA, Fig. 2a [10]. The main
oxides of the investigated natural pozzolana are SiO, (45%), Al,O4 (16%), Fe,O5 (10%),
CaO (9%), MgO (8%) and alkali oxides (Na,O and K,0) (4%). Its mineralogical compo-
sition, as shown in Fig. 2e consists of two phases; i.e. crystalline and glassy. The main
occurring minerals are Fujasite, Anorthite, Forstrite, Diopside and Calcite. It is lighter
than water; its bulk density is less than 0.7 which is due to its vesicular nature, as clearly
seen in Fig. 2d. Natural pozzolan was ground to the studied sizes; namely 500 nm,
100 nm and 50 nm using a laboratory centrifugal ball mill (Retsch, S100, Germany) for
275 min, 360 min and 425 min, respectively. The adopted NP dispatch/steel ball ratio
was 1/5 at a revolution number of 300.

The investigated lime was quarried from Hama city, one of the mid-provinces in Syria.
It is a quick lime obtained after the calcination of raw lime up to 950 °C in order to
become more active. It was ground to a nano scale in similar way to that of NP. Its grad-
ing is illustrated in Fig. 3b.

The nanoadditives were scanned using: (i) a nanoscope easyScan II Atomic Force
Microscope (AFM) [11], (ii) a VEGA II TESCAN Scanning Electron Microscope (SEM)
fitted with EDAX AMETEK Energy Dispersive X-ray Spectroscopy (EDS). The results of
scanning nano-natural additives can be clearly seen in Fig. 2d, g-1.



Al-Swaidani et al. International Journal of Geo-Engineering (2024) 15:2 Page 5 of 34

The studied problematic clayey soils were quarried from three sites located in the
southern province of Syria. Their characterestics are tabluated in Table 1 and Fig. 4.
Their gradings are plotted in Fig. 3a The main minerals existing in the studied soils,
according to the XRD analysis shown in Fig. 5 are: kaolinite, illite and montmorillonite
as clay minerals and calcite, quartz and feldspar as non-clay ones. The XRD analysis was
carried out using SATOE STADI X-Ray Diffractometer at the following inputs: CuKa
radiation, 40 keV and 30 mA, scan mode: 5°-70°, spead: 2°/min.

Atterberg limits (LL, PL) and CBR tests were carried out in accordance with ASTM
D 4318 [19] and ASTM D1883 [21], respectively. Both LL & PL tests were conducted
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Fig. 2 Map of the investigated quarry with Photograph of NP quarry (a, b). NP aggregates as received with
SEM micrograph showing its vesicular nature (c, d). XRD analysis of NP (e). The laboratory-grinding machine
(f). SEM micrographs of NNP of 100 and 500 nano “MPS"and NL (g, i, k), respectively and AFM micrographs of
NNP of 100 and 500 nm size and NL (h, j, ), respectively
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Topography - Scan forward

Topography - Scan forward

Fig. 2 continued

at room temperature. PI values were determined following the Atterberg limits test.
In CBR test, three soil specimens form each untreated or treated soil mixture were
tested after being soaked in water for 96 h. The specimens were compacted to a maxi-
mum dry density at the optimum moisture content determined by standard Proctor
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Particle size distribution of the investigated problematic soils
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Fig. 3 Particle size distribution of the investigated soils (@) and NNP & NL (b)

Table 1 Charateristics of the investigated soils

Soil samples SG Initial liquid Initial plastic OMC (%) MDD (kN/m3)
limit limit

St 269 59 30 26 148

S2 267 71 36 24 139

S3 272 74 32 27.5 1.46

tests [20]. The soaked condition was adopted in the experimental part, as it simulates
the behavior of pavement sub layers under heavy rain. Some photographs of the con-
ducted experiments appear in Fig. 6.

The six analyzed input variables are: (i) NNP content (0%, 0.5%, 1%, 1.5% and 2%); (ii) NL
content (0%, 0.3%, 0.6%, 0.9% and 1.2%); (iii) Median particle size (MPS) of nano natural

Page 7 of 34



Al-Swaidani et al. International Journal of Geo-Engineering

Plasticity index (Pl)
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Fig. 4 Plasticity chart for the Unified/ASTM soil classification system (S1: ; 52:®; S3:®)

Fig. 5 XRD of the studied untreated clayey soils. (Q: quartz, K: kaolinite, C: calcite, I: illite, M: montmorrilonite,

F: feldspar)

pozzolana (50nm, 100 nm, 500 nm); (iv) SiO,, .. (It ranges from 37.6 to 43.2); (v) ILL (It
ranges from 58.5 to 74.2); (vi) IPL (It ranges from 29.7 to 36.8). The characteristics of the
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input and output variables are tabulated in Table 2.
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a
Fig. 6 Photographs of the experimental test set-up; Aterberg test (a), CBR test (b)

Table 2 Characteristics of the independent and dependent variables

Min. Max. Averg. SD

Independent variables

Nano pozzolana of natural source (NNP) content (%) 0 2 1.075 0.729

Nano lime (NL) content (%) 0 1.2 0.6 045

Median particle size (MPS) of NNP (nano) 50 500 148.75 148.95

SiO, (%) 376 432 41.992 1.784

Initial liquid limit (ILL) 585 74.2 68.001 6.563

Initial plastic limit (IPL) 29.7 36.8 32.74 2.60
Dependent variables

California Bearing Ratio (CBR) 2.5 89.7 55.597 21.895

Plastic index (PI) 1.5 42 9413 8135

Prediction models

Multiple linear regression (MLR)

MLR is a statistical method. The general purpose of such a technique is to generate a
correlation between variables, i.e. independent and dependent ones [50]. Prediction of
CBR or PI with six independent variables can be expressed as follows:

Yq =Dbo+ bi1Xj + boXy + b3X3 + bgXy + bsX5 + beXe (1)

Where Y, is the dependent variable, i.e. either CBR or PI, b; values are the regression
weights, which are computed in a way that minimizes the sum of squared deviations and
X, are the independent variables.

Artificial neural network
The behavior of soil is very complicated [67, 77]. Therefore, to build more precise pre-

dictive models, it is preferable to employ more influential variables in such predictive
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models. The nonlinear relations between the input and output variables can be suc-
cessfully modeled by artificial neural networks (ANNs) technique [10, 40, 45]. Its flex-
ibility and adaptability in generalizing the data, were behind the wide application in
many field including civil and geotechnical engineering [10, 15, 17, 22, 24, 26, 30, 49,
60]. In the current study, for prediction of CBR and PI of the soil mixtures stabilized
with combinations of NNP and NL, the dataset used to develop the ANN models was
divided into subsets (i.e., 70 and 30% for training and testing sets, respectively).
Figure 7 shows the architecture of the ANN models developed for prediction of
CBR & PI. Five and six neurons in the hidden layer were selected for predicting CBR
& PI, respectively. It was selected a single hidden layer which could be sufficient to
learn and solve the problems [25, 39]. The learning rate (Ir) was 0.7 while the momen-
tum (m) was 0.3 & 0.2 for each of CBR & PI networks, respectively. This selection was
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Fig. 7 Architecture of ANN models for prediction of Pl (a) and CBR (b)
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made after experimenting all possibilities of changing (Ir) from 0.1 to 0.9 as well as
changing (m) from 0.1 to 0.9.

The feed-forward neural networks trained with the back-propagation learning algo-
rithm were adopted in the current study [28, 72]. In the forward process, the input lay-
ers receive the inputs and then propagate through networks layer by layer to the output
layer and produce the corresponding output values. However, reaching a lower error
between predicted and experimental results necessitates the optimization of the process.
[78]. The calculation of the error and the adjustment of the weights are made through
the backward process which compares the predicted and experimental outputs of the
network.

In the present study, the logistic sigmoid activation function with a scaling range
between 0 and 1.0 was employed in the constructed models [40]:

Sflo) = I-FTP(—IU) (2)
where a is a constant used to control the slope of the semi-linear region [65].

The data was normalized between 0 and 1 before submitting to the ANN. The final
output can be obtained by repeating the procedure until no marked improvement is
noted [56]. The predicted PI or CBR values have been plotted versus the experimental
PI and CBR results. The ANN models were developed using MATLAB software, NN
Tool.

Fuzzy logic

Fuzzy logic was first built from the theory of fuzzy sets by Zadeh [82]. It is considered
a technique for formalizing approximate and non-exact situations. Due to its ease of
implementation and the non-necessity of the mathematical modeling of the process, this
logic has become more and more common in several fields such as civil and geotechnical
engineering [14, 23, 38, 58, 68, 75]. In the theory of fuzzy sets, the modeling of uncertain
notions of natural language is done by athematic formulas. The variables in the fuzzy set
theory are no longer of binary nature (i.e. 0 or 1) but can take an infinite number of pos-
sible values between zero and one.

The membership functions, which can theoretically take any form, characterize the
fuzzy subsets. In general, the most used membership functions are defined by geomet-
ric shapes. Triangular and trapezoidal shapes are most often used. The fuzzy rules are
expressed in the form: IF (premise) THEN (conclusion). The premise may depend on
several variables linked to each other or not. The conclusion is obtained by implication
of fuzzy propositions. The architecture of Mamdani-based FL model consists of four
essential parts, namely: (i) the fuzzifier, (ii) the knowledge base, (iii) the interface mecha-
nism or rule evaluation and (iv) the defuzzifier. The fuzzifier turns real inputs into fuzzy
linguistic variables, while the defuzzifier does the opposite.

120 datasets with six input variables obtained from the experimental part carried
out by the authors were employed to develop FL model for the prediction of CBR & PI
values. Constructing FL models was made using the FL toolbox in MATLAB. 88 and
72 Mamdani-based rules [55] expressed in the IF-Then form were written for predic-
tion of CBR & PI, respectively. These possible rules relate the input variables to the
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output ones. The rules were written by verbal statements in such a way that is similar
to the human thought. The “min” interface operator was used for finding the output
sets, while the “centroid” method was employed for defuzzication [3]. The triangular
membership functions were constructed based on the experience gained, as shown in
Fig. 8 [75]. The main idea in the theory of FL is that any element belongs to different
subsets of universal set. For instance, CBR value of 70 belongs to both high and very
high subsets, with membership degrees of 0.80 and 0.20, respectively, Fig. 9a.

Validation of the developed models
The validation of the constructed models was assessed using the following ten differ-

ent criteria:

i.Root mean squared error (RMSE). This criterion can be computed by the following

formula:

1 n 9
RMSE = ZZL-=1 (Error) (3)

The constructed model will be better when the RMSE value is smaller.
il. Relative root mean squared error (RRMSE). It can be computed using the following

function:
RMSE
RRMSE = —— (4)
’Exper|
ili. Mean Absolute Error (MAE). It can be calculated by the following formula:
MAE =13 |E 5
= ;Zi=1| rror| (5)
iv. Mean absolute percentage error (MAPE). It can be given by the following formula:
1 (| E
MAPE = [ - 37|27} x 100% ©)
" Exper
v. Coefficient of determination (R?). It can be calculated by the following formula:
RE—1_ S Error? -

" 1 (Exper — Exper)2

When R? is closer to one, there will be a closer relationship between the experimen-
tal and predicted values.

vi. S¢/Sy; S is the standard error of the predicted values and S, is the standard deviation
of the experimental values. Lower Se/Sy values indicate more accurate models. Mod-
els of (Se/Sy <0.35) values are graded excellent [30]
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Fig. 8 Triangular membership functions used in the fuzzy model for the six input variables; a NNP content, b
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Fig. 9 Triangular membership functions used in the fuzzy model for output variables; a CBR, b PI
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y (n—p)* [Ei:l (Exper — Exper) }

vii.Correlation coefficient (r). It can be calculated by the following equation [83]:

>-i,(Pred — Pred)(Exper — Exper)

"= — — )
\/ %, (Pred — Pred) \/ S, (Exper — Exper)
viii.  Performance index (Pi) can be expressed as follows [83]:
P — RRMSE 10
T 14r (10)

Higher correlation coefficient values and lower relative root mean squared error
(RRMSE) values results in lower performance index values. Values of P, closer to
zero (e.g. P;<0.2) indicate a more accurate model [34, 48].

ix. Adjusted Coeflicient of efficiency (CE) [52]

S |Error|

CE=1- L
S |Exper — Exper|

(11)

Such a criterion can supplement the assessment of the predictive models. It reports
the differences between the experimental and predicted values relative to the inher-
ent variability of the experimental values. CE values closer to one indicate a more

precise developed model.

Page 14 of 34
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Where 7 is the total number of the analyzed data, Exper & Pred are the experimental

and predicted values, respectively, Exper is Pred are the mean experimental and pre-
dicted values, respectively and p is the model parameters.
x.Durbin—Watson statistic (DW). It is an important static criterion used to verify the
existence of multicollinearity. DW values vary between zero and four. The devel-
oped models will be unaffected by multicollinearity when DW values fall in the
acceptable range of 1.5 to 2.5.

Results and discussion

Plasticity indices of the treated soils

Figure 10 plots the results of PI for all clayey soil mixtures (S1, S2, S3) stabilized with
combinations of NNP & NL. The results of the control clayey soil, i.e. with zero NNP
& NL, were also plotted for comparison. It is clearly seen that all clayey soils, in terms
of PI, have the highest values of PI; i.e. 30 or even more. However, when the nano-nat-
ural additives were incorporated, a significant decrease in the PI values was observed
in all studied soils. The soil workability is improved with the decrease in PI values. The
more pronounced decrease in PI can be noted when NL content was increased, and
the best performance, in terms of PI, was achieved when 2% NNP and 1.2% NL were
added together. PI values of less than 3 can be noted in all stabilized soils, irrespective
of NNP fineness. This result can be explained as follows: (i) adding NNP may reduce
the plasticity of the soil; (ii) adding NL to plastic soil causes a colloidal reaction. Such a
reaction includes a replacement of naturally carried cations on the clay surface by Ca*,
an increase in pH value, and a reduction in double layer. This helps in flocculation and
aggregation of colloidal clay particles, making them less plastic [13, 64]; (iii) the poz-
zolanic reactions occurring between the hydrated lime and the active silica and alumina
will move the soil from this status, to become less plastic [13].

Further grinding NP to about 100 nm or 50 nm median particle size may effectively
contribute to the acceleration of such pozzolanic reactions. This can be obviously seen
in Fig. 11, where much lower values of PI can be obtained when NNP of 100 nm or 50
nm size was added to the treated soils, as compared with NNP of 500 nm size. In addi-
tion, it can be noted from Fig. 11, that grinding NNP from 100 to 50 nm did not produce
significant improvement in terms of PI reduction. Understanding such a behavior needs
further investigation. However, from the authors’ point of view, occurring some agglom-
eration due to the Van der Waals forces evolved particularly when the nano particles are
ground to finer sizes, may explain this behavior at the present time.

CBR

The CBR test is commonly used to assess the soil strength. It is widely considered as a reli-
able method when the design of pavement is concerned [18, 33]. Figures 12 & 13 plots the
results of CBR test for the soil mixtures stabilized with combinations of NNP & NL. From
Fig. 12, it can be noted that CBR values increases as NNP & NL contents increase. The high-
est CBR values, which exceed 70% in almost all treated soil mixtures, irrespective of NNP
size, were obtained when NNP & NL were added together at 2% and 1.2%, respectively. Sub-
grade having a soaked CBR value of more than 20% can be rated very good for pavement
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construction. However, when this value reaches up to 50% or more, the layer would act as a
very good sub-base. Therefore, as seen in Fig. 12, all soil mixtures stabilized with combina-
tions of NNP >0.5% “ground to 100 nm size or less” & NL >0.3% can be recommended for
sub-base construction. The improvement in the CBR values can be attributed to the gradual
formation of cementitious compounds such as C-S—H and C—A-S—H, when such combi-
nations were used. The formation of cementitious compounds, when NP & L were added
together to the problematic clayey soils were frequently reported in literature [6, 11, 46,
53]. Such a formation can be attributed to the reactions occurring between CaO present in
lime and glassy phase, such as active silica (SiO,) and active alumina (Al,O;) in NP and the
treated soil. These reactions are frequently referred to as “pozzolanic reactions” Further, the
prolonged grinding of NP may form a highly reactive material on the surface of the mineral
particles. Therefore, nano-particles interact effectively with other compounds in the treated
soil [11, 36]. Meanwhile, such cementitious compounds formation and the change in the
soil morphology were also confirmed by a microstructural analysis carried out on two
clayey specimens; namely untreated soil and soil treated with a combination of NNP=1.5%
and NL=0.9% and cured for 7 days, as shown in Fig. 14. Furthermore, formation of more
cementitious compounds can be enhanced through the 4-day-soaking procedure as speci-
fied in the CBR test, which is regarded as treated soil’ curing time.

Further, as obviously seen in Fig. 13, the treated soils containing NNP of 100 nm or 50 nm
size have higher values of CBR when compared with those containing NNP of 500 nm size.
However, it is worth noting that grinding NNP from 100 to 50 nm did not produce sig-
nificant improvement in terms of CBR improvement. Understanding such a behavior needs
further investigation. Meanwhile, from the authors’ point of view, occurring some agglom-
eration due to the Van der Waals forces evolved particularly when the nano particles are

ground to a finer size, may explain this behavior at the current time.

Relationships between the investigated properties
A relationship between PI and CBR of the studied soil mixtures is plotted in Fig. 15. This
relationship was calculated either for all obtained results. As shown in Fig. 15, it is obvi-
ous to note that the correlation between PI and CBR can be labelled excellent (R? >0.913)
irrespective of the median particle size of NNP and the soil type. Therefore, CBR value can
be predicted by the knowledge of PI value, and thus saving time & money can be achieved.
Such a strong correlation between CBR & PI can be ascribed to the improvement of the
expansive clay soils, offered by the nano natural additives. The trend in the expansive soil
improvement was moving towards lower PI values & higher CBR values when the dosage of
nano-additives is increased and the MPS of NNP is decreased.

It is worth mentioning that further considerable improvements in the treated soil proper-
ties, such as significant reductions in free swell and swelling pressure, an important increase
in unified compressive strength (UCS) and shear strength and a considerable reduction in

linear shrinkage, can be also obtained when nano-additives are used as soil stabilizers [13].

(See figure on next page.)
Fig. 12 CBR values of all clayey soil types treated with combinations of NNP & NL; ST-NNP100 nm (a)
ST-NNP500 nm (b), S2-NNP100 nm (c), S2-NNP500 nm (d) S3-NNP100 nm €, S3-NNP500 nm (f), respectively
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In addition, because of the lower affinity of nanonatural pozzolana to water when com-
pared with the expansive original soil, no further water retention will be expected, as the
water molecules are adsorbed to the surface of the clay minerals [11].

Prediction of CBR & PI

For prediction of CBR and PI of soil mixtures stabilized with combinations of NNP and
NL, several models were constructed based on the dataset obtained through an experi-
mental work conducted by the authors. Six input variables were adopted; i.e. NNP con-
tent, NL content, MPS, SiO,, . ILL and IPL. The models were developed using three
different tools; regression, ANN & FL. Validation of these developed models was evalu-
ated using different criteria as displayed in equations nr. (3, 4, 5, 6, 7, 8,9, 10, 11) as well
as the calculation of DW indicator.
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Table 3 The performance criteria for the models developed to predict CBR & Pl of soils stabilized by

combinations of NNP & NL
Model Predicted MLR ANN FL
52::?::1 ance property All Training Testing
MSE CBR 62.583 5.233 5.139 5452 11.844
Pl 19.180 0512 0.570 0.375 3.072
RMSE CBR 7911 2287 2267 2335 3441
Pl 4.379 0.715 0.755 0613 1.752
MAE CBR 6.712 1.804 1.782 1.856 2932
Pl 3112 0516 0.549 0440 1413
MAPE CBR 35.743 6.494 5824 8.058 11.397
PI 54.876 7.286 7617 6.511 23.145
Se/Sy CBR 0.371 0.107 0.115 0.104 0.161
PI 0.552 0.090 0.089 0.102 0.221
R’ CBR 0.869 0.989 0.987 0.991 0.975
PI 0.710 0.992 0.992 0.991 0.954
r CBR 0931 0.995 0.994 0.994 0.988
Pl 0.841 0.997 0.995 0.995 0.975
RRMSE CBR 0.142 0.041 0.039 0.045 0.061
Pl 0.465 0.076 0.078 0.069 0.186
Pi CBR 0.073 0.021 0.019 0.022 0.030
Pl 0.252 0.038 0.039 0.035 0.094
CE CBR 0.629 0.901 0.893 0911 0.838
Pl 0496 0916 0919 0910 0.772
DW CBR 1.894 1.656 1.705 2.029 1528
Pl 1.974 1919 2153 1.637 1.553

Performance of CBR models

The performance criteria for the models constructed to predict CBR of stabilized soil
mixtures are tabulated in Table 3. The results shown in Table 3 demonstrate that the
CBR models constructed using ANN or FL have performed best when compared with
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the MLR model. They showed very low RMSE, low MAPE, very low Se/Sy and very
high R? values. RMSE values of less than 3.4, MAPE values of less than 11.4, Se/Sy
values of less than 0.16 and R? values of higher than 0.975 were recorded in the ANN
& FL models. In contrast to the ANN & FL models, RMSE of 7.9, MAPE of more
than 35, Se/Sy of 0.37 and R? of 0.87 were recorded in the MLR model. In addition,
the performance index (Pi) and the coefficient of efficiency (CE) values recorded in
the MLR model went far from those recorded in ANN & FL models. The higher Pi
(0.073) and the lower CE (0.63) values recorded in MLR model indicate a less accurate
model. Further, from the results tabulated in Table 3, it is to be noted that ANN tech-
nique perform slightly better than FL as far as prediction of CBR is concerned. Fur-
thermore, the obtained DW for ANN, FL & MLR models were in the ideal range (i.e.
between 1.5 and 2.5). In spite of the lower performance of MLR; however, CBR can
be predicted with a reasonable level of certainty using this method. Figure 16a clearly
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Fig. 16 The predicted versus the experimentally obtained values for all developed models, a CBR; b PI
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shows that the goodness-of-fit of the ANN & FL models is superior when compared
to the MLR model.

Performance of Pl models

The performance criteria for the models constructed to predict PI are tabulated in
Table 3. A trend similar to that of CBR prediction can be noted when PI prediction is
concerned. The results shown in Table 3 demonstrate that the PI models constructed
using ANN or FL have performed best when compared to the MLR model. They pro-
vided very low RMSE, very low Se/Sy and very high R? values. RMSE values of less
than 1.75, MAPE values of less than 23.1, Se/Sy values of less than 0.22 and R? values of
higher than 0.954 were recorded in the ANN & FL models. In contrast to the ANN &
FL models, RMSE of 4.38, MAPE of more than 54.88, Se/Sy of 0.55 and R? of 0.71 were
recorded in the MLR model. In addition, the higher performance index (Pi=0.25) and
the lower coefficient of efficiency (CE=0.5) values recorded in the MLR model make it
less accurate when compared to the ANN & FL models. Therefore, the prediction of PI
using MLR technique would not be reliable.

The predicted versus experimental values are depicted in Fig. 16b. It is worth noting
that the trend line is very well fitted to the results of both FL & ANN models, while the
results of MLR are far distant from such a line. This indicates that desirable results can
be obtained using both ANN & FL approaches. However, PI cannot be predicted with
a reasonable level of certainty using MLR method. As no investigation on the predic-
tion of CBR or PI of soils stabilized with combinations of NNP and NL was found in the
literature, further studies taking into account more variables are highly recommended.
Nevertheless, similar results can be traced in the literature, particularly when the CBR
value of micro NP was predicted using ANN [8, 73, 74, 79].

It is to be noted in Fig. 17a that a lower MPS of NNP leads to higher CBR values, par-
ticularly when a higher content of NL is added. In addition, the combinations of 2% NNP
and 1.2% NL have given the highest values of CBR, particularly with lowering MPS of
NNP, as shown in Fig. 17b. Therefore, finer NNP is recommended to add along with NL
to get the best results.

The relationships between the output (CBR or PI) and the input variables obtained
using MLR could be written as follows:

-For the CBR predicted value,

CBR =5.012 + 13.858 x NNP + 37.968
x NL —0.011 x MPS + 1.344 x SiOoactive
— 0.824 x ILL + 0.433IPL
(P - value < 0.05 for all inputs except for IPL)

-For the PI predicted value,

PI =31.794 — 4.022 x NNP — 13.647 x NL
4 0.006 x MPS — 0.433 x SiOq
4 0.136 x ILL — 0.056 x IPL

(P — value < 0.05 for all inputs except for ILL and IPL & SiOg,ctivevariables)
(13)
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b

Fig. 17 Some input variables versus CBR surface. a The combined effect of NL and NNP on CBR; b the
combined effect of NL content and IPL on CBR

It is interestingly to note from Egs. (12 and 13) that CBR & PI variables have a statisti-
cal significance. In addition, the input variables related to the contents of NL & NNP
and its extremely small size have also statistical significance. Thus, CBR & PI can be pre-
dicted based on these input variables with a confidence level of 95% or more. There-
fore, the addition of NP nanoparticles of extremely small size would offer a promising
approach to the pavement engineers.

Sensitivity analysis of ANN models
The equation proposed by Garson [35] was employed to assess the relative importance
of the input variables. It can be expressed as follows:
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where Jj is the relative importance of the jth input variable on the output; Ni and N/ are

the numbers of input and hidden neurons, respectively; W is connection weights; the
superscripts i, h, and o refer to input, hidden, and output layers, respectively; and sub-
scripts k, m, and n refer to input, hidden, and output neurons, respectively.

The results of the sensitivity analysis conducted basing on the Garson equation [35]
are shown in Fig. 16. The relative importance of the input variables (NNP content, NL
content, MPS of NNP, SiO,, i, ILL and IPL) for prediction of either CBR or PI are
clearly seen in Fig. 18. Figure 18a shows that all variables have an effect on CBR. How-
ever, NL content was found to be the most influential variable with a relative importance
of more than 50%. The higher relative importance of NL content can be attributed to the
significant effect of this variable on the CBR, in terms of the enhanced strength of clayey
soils stabilized with combinations of NNP and NL. Other variables such as NNP and
MPS also have significant effects on CBR with relative importance values of 21 and 10%,
respectively.

Similar trend was also noted when the sensitivity analysis of PI model is concerned.
It can be seen in Fig. 18b, that the most influential variable, in terms of PI, is also NL.
A relative importance of about 40%, was recorded for this variable alone, while, other
variables such as NNP, MPS and IPL have relative importance values of about 27%, 11%,
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Table 4 Evaluation of possible combinations of input variables when the prediction of CBR is

(2024) 15:2

concerned
Possible combination MSE Iteration number Correlation
factor (R)

NNP 387.11 5 0428
NL 144.54 5 0.845
MPS 414.96 4 0.151
Sio, 560.67 5 0.093
ILL 44153 9 0.141
IPL 41892 6 0.229

NNP + NL 37.11 37 0.965
NNP + MPS 499.23 6 0425
NNP +SiO, 43349 10 0.448
NNP +ILL 390.28 10 0438
NNP +IPL 520.77 27 0410
NL+ MPS 11418 12 0.844
NL+SiO, 16847 14 0.846
NL+ILL 9851 8 0.863
NL+IPL 74.95 13 0.789
MPS +SiO, 334.51 4 0.135
MPS+ILL 509.04 7 0.227
MPS +1PL 439.67 8 0.141
SiO, +ILL 480.50 9 0.215
SiO, +IPL 573.85 7 0.104
ILL+IPL 52418 12 0.224
NNP +NL+ MPS 3242 11 0.967
NNP +NL+SiO, 37.73 26 0.966

NNP +NL 4 ILL 21.24 14 0.973
NNP + NL+IPL 24.12 16 0.975
NNP 4+ MPS +SiO, 32946 7 0431
NNP + MPS +ILL 345.73 13 0.501
NNP 4 MPS 4 IPL 34949 10 0.449
NNP 4 SiO, +ILL 29235 9 0.391
NNP + SiO, +IPL 43538 8 0433
NNP +ILL+IPL 37042 10 0.496
NL+MPS +SiO, 259.87 16 0.851
NL 4+ MPS +ILL 153.82 11 0.873
NL+ MPS+IPL 11242 11 0.757
NL+SiO, +ILL 159.21 8 0.774
NL+SiO, +IPL 136.19 11 0.869
NL 4 ILL 4+ IPL 104.18 16 0.863
MPS +SiO, +ILL 305.33 7 0.228
MPS 4-SiO, +IPL 448.69 6 0.193
MPS +ILL 4 IPL 619.86 8 0213
SiO, +ILL+IPL 485.65 9 0.231
NNP +NL 4+ MPS +SiO, 43.81 22 0.959

NNP +NL+MPS+ILL 18.08 14 0.991
NNP +NL+ MPS +IPL 38.89 26 0.958
NNP + MPS +SiO, +ILL 587.05 8 0430
NNP +MPS +SiO, + IPL 675.30 14 0429
NNP +SiO, 4+ ILL+IPL 415.69 8 0.207
NL+MPS +SiO, +ILL 124.86 I 0.743
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Table 4 (continued)

Possible combination MSE Iteration number Correlation
factor (R)

NL+MPS+SiO, + IPL 110.37 9 0.855
NL+SiO, +ILL+IPL 155.99 12 0.866
MPS 4 SiO, + ILL+IPL 514.22 9 0222

NNP + NL 4+ MPS 4 SiO, + ILL 8.86 19 0.989
NNP +NL 4+ MPS + SiO, + IPL 164.71 20 0.847
NNP +MPS +SiO, + ILL+IPL 268.87 10 0.406
NL+MPS +SiO, + ILL+IPL 17447 15 0.866
NNP +NL+ MPS +SiO, + ILL+IPL 5.23 19 0.995

The figures in bold refer to the best performance, in terms of MSE, for each possible combination of the same number of
input variables

and 13%, respectively. This result confirms the critical role of NL and NNP in improv-
ing the soil properties, particularly those related to the plasticity and strength. Forma-
tion of more cementitious compounds such as C-S—H and C-A-S—H can be expected
when using such nano-additives. These cementitious compounds may modify the soil
morphology and thus a clayey soil mixture of higher workability and strength can be
achieved.

Another sensitivity analysis process has confirmed the results obtained by the equa-
tion proposed by Garson [35]. This process is based on the evaluation of possible com-
binations of input variables [31, 80]. The performance of each possible group in terms
of MSE & R was evaluated using the developed ANN model. Six groups of one vari-
able, fifteen groups of two variables, twenty groups of three variables, ten groups of four
variables, four groups of five variables and one group of six variables were tested by the
constructed ANN models. The results obtained for the different possible groups were
tabulated in Table 4. As observed in Table 4 the NL variable was the most influential
variable. NL had the least value of MSE among other variables (144.54) and the best cor-
relation factor (R) of 0.845. When NNP was used together with NL, the MSE decreased
significantly down to 37.11 and R increased up to 0.965. This group of two variables was
the best group among other possible groups of two variables. In addition, the best group
of three variables were noted when the variable ILL was added to the former combina-
tion of NNL & NP. MSE of 21.24 & R of 0.973 were recorded for this group. Further, the
group of four variables consisting of NNL, NNP, MPS and ILL achieved the best perfor-
mance among the other four variables-consisting groups. MSE recorded a value of 18.08
while R recorded a value of 0.991. Similar performance was also obtained when SiO,
variable was incorporated in the former group of four variables. Furthermore, it is to be
concluded that for each NL-containing group of 1, 2, 3, 4, 5 and 6 variables, the perfor-
mance criteria were the best among all other possible groups.

Conclusion

The present study, which is the first of its kind in Syria, is an attempt to investigate the
applicability of some ML techniques for prediction of two important properties (i.e. CBR
& PI) of expansive clay soils stabilized by nano natural additives. Nano-natural pozzolan
(NNP) and nano-lime (NL) quarried from Syrian sites were added at different levels
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to achieve such a soil stabilization. The predictive models were developed using MLR,
ANN & FL techniques. The dataset was obtained from locally conducted experiments.
Six input variables were employed in the current study. These variables are NNP content
(%), NL content (%), MPS of NNP (nm), SiO,, ;. of NNP, ILL and IPL.

Based on the results obtained, the following conclusions can be drawn:

1. Based on the experimental results, the combination of 2% NNP & 1.2%NL content
appears to be the best dosage, CBR values are the highest, and PI values are the low-
est. Further investigations using more combinations of nano-natural additives are
recommended to reach the ideal dosage.

2. The values predicted by ANN & FL models are not far from the experimental results.
Performance criteria, such as RMSE, MAPE, R?, P, CE and DW have demonstrated
that ANN & FL models can accurately predict CBR & PI. However, MLR models are
far less accurate than the ANN & FL ones. The correlation coefficient (r) is very close
to one and the error of prediction in both ANN & FL models is lower when com-
pared with that obtained by MLR analysis.

3. Sensitivity analysis showed that all studied variables (i.e. NNP content, NL content,
MPS, SiO,,iver ILL and IPL) have considerable effects on the investigated properties.
However, NL was found to be the most influential variable with relative importance
of more than 50% and about 40% in terms of CBR and PI, respectively. In addition,
NNP content and to some lower degree MPS have also significant effects on the pre-
diction of CBR & PI with relative importance values of about 25 and 10%, respec-
tively. On the other hand, SiO,, ;. & ILL were found to be the least influential vari-
ables in both cases, with relative importance values not exceeding 7%.

4. The pavement designers may tend to the FL predictive model despite the slightly
lower performance when compared with the ANN models. This preference can be
ascribed to the FL rules, which can be written in such a way that is similar to the
human thought, while the ANN predictive model is not visible to the user.

5. Determining the CBR & PI values by laboratory tests is time-consuming, money and
labor-intensive. Moreover, human errors and various laboratory conditions intro-
duce another element of uncertainty in laboratory results. Thus, a reliable estima-
tion of such properties is extremely helpful in designing soil mixtures for pavement
construction. Such a reliable estimation can be done using more accurate techniques
such as ANN & FL techniques rather than conventional regression techniques, which
have a lower reliability in predicting the investigated properties.

6. Further investigation with a larger dataset and incorporation of further variables is
highly recommended to confirm the results obtained by the developed predictive
models. Variables such as the chemical composition of NNP, more geotechnical
properties such as OMC & MDD, different fineness levels of NNP, NL...etc., can be
further investigated.
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