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Abstract
Clay soils consist of �ne particles and are generally characterized by low strength. The interactions
between clays and water result in high-plasticity clay mixtures that can easily deform or crack. It should
be noted that the addition of sand to expansive soils can help to improve their particle size and reduce
their plasticity, and consequently augment their strength. The present study aims mainly to develop a
model for the prediction of the plasticity index (PI) of soil treated with sand, at various contents using the
arti�cial neural network (ANN) method. It was revealed that the ANN technique ensures good prediction
accuracy for a large number of parameters related to geotechnical problems. For the purpose of
predicting the plasticity index values of sand-treated soils, the results of experimental tests that were
conducted on 38 soil samples were collected and thoroughly analyzed. It was decided to consider three
inputs, namely the plastic limit, liquid limit, and sand percentage, while there was only one output, i.e. the
plasticity index. The results of the analyses conducted in this study indicated that the arti�cial neural
network (ANN) model might be quite e�cient in predicting the plasticity index of soils treated with sand.
Afterwards, an experimental investigation was carried out on the clayey soil that was brought from the
Wilaya (Province) of Medea in Algeria. This soil was treated with dune sand at different percentages, and
the results obtained were compared with those predicted by the arti�cial neural network (ANN) technique.

1. Introduction
Problems with clayey soils are frequently encountered in civil engineering constructions. They can be
found either in natural grounds (foundations, slopes, retaining walls, excavations), or in compacted soils
for the construction of earthworks (embankments, dikes, dams), or in back�lling trenches and walls. This
type of soils is mainly characterized with poor bearing capacity and low strength. It should be known that
various treatment techniques can be utilized to improve the performance of clayey soils. This can indeed
be done by adding an inert material, such as sand in proportions to be determined, before proceeding with
the compaction of the mixture. This approach allows enhancing the physical and mechanical    properties
of any clay soil (Loua� and Bahar, 2012 ; Prasad and Sharma, 2014 ; Cabalar and Mustafa, 2015 ;
Nagaraj, 2016 ; Amri et al., 2019 ; Alkroosh et al., 2021; Phanikumar et al., 2021). It is noteworthy to
mention that the plasticity index (PI) of soils is generally viewed as an important criterion in the �eld of
geotechnical engineering. It is a parameter that is generally used to identify and classify clayey soils. It is
noteworthy that soil plasticity depends on various factors, such as the amount of �nes present in the
mixture, the nature of soil and the amount of water it contains. 

In this context, a large number of studies available in the broader literature have examined the effect of
adding sand to clay soils for the purpose of improving their plasticity index, and consequently to change
the plasticity of soil from medium to low, in accordance with the uni�ed soil classi�cation system
(USCS). In this context, authors Ma et al. (2018) investigated the effect of adding sand at various
percentages, i.e. 0%, 8%, 16% and 24%, to expansive soil from China. They found out that the plasticity
index of that sand-treated soil was signi�cantly improved. Similarly, researchers Atemimi et al. (2021)
reported a series of consistency limits of clayey soils treated with different contents of sand (0%, 10%,
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15%, and 20%). They also found out that the addition of sand to a clayey soil allows enhancing its
plasticity index. In addition, the liquid limit and plastic limit of the studied clayey soil were measured in
accordance with the standard method. They were found respectively equal to 81% and 42%. However,
when mixed with 20% of sand, they dropped to 35 % and 27 %, respectively. In this regard, Gou� et al.
(2022) examined the behavior of clay soil through its partial replacement (10, 20 and 30 %) with dune
sand. They found out that the liquid limit, plastic limit and plasticity index decreased as the dune sand
content augmented. It should be mentioned that the plasticity index (PI) dropped from 51.9% for
untreated clay to 33.8 % for soil incorporating 30% of dune sand. Consequently, it was deemed necessary
to design and develop techniques that can help to predict the plasticity index of soils using the ANN
method that is mainly viewed as a general prediction tool which is widely used in various �elds in civil
engineering (Kaveh and Khalegi, 2000 ; Yang and   Rosenbaum ,2002 ; Zhou et al., 2016 ; Amiri and
Hatami,2022    ; Eyo et al .,2022). It is noteworthy to mention that several researchers have been using the
ANN method for the prediction of the plasticity index of various types of clayey soils. In this context,
Taleb Bahmed et al. (2017) applied the ANN technique for the purpose of assessing the plasticity index of
clay soil stabilized with lime. A total of 280 plasticity index values were collected from various data sets
recorded by a number of researchers from the literature. These values were utilized in the ANN method
which turned out to be a quite e�cient approach in predicting the plasticity index of sand-treated clayey
soil stabilized with lime. With regard to Sari Ahmed et al. (2018), they carried out a study in order to
examine the affect of �y ash on the behavior of high-plasticity clay soils using the ANN method. For this,
29 �y ash -stabilized soils were utilized for developing models intended to predict the consistency limits.
The liquid limit and the amount of �y ash to be used were taken as input factors and the plasticity index
as output parameter. These researchers revealed that the ANN technique is highly e�cient in predicting
the plasticity index (PI) of clay soils stabilized with �y ash. In this context, Jasim et al. (2019) applied the
ANN technique to predict the plasticity index of soils in Baghdad, the capital city of Iraq, and also used an
experimental database. As for Akbay Arama et al. (2021), they developed and implemented models based
on the ANN method for predicting the plasticity index of very highly plastic clayey soils. In addition, some
empirical relationships were employed to evaluate the plastic limit and plasticity index from the liquid
limit. It is worth emphasizing that the data used in the models were obtained from experimental
consistency tests that were carried out on various clay soils from the city of Istanbul, in Turkey. The
results obtained indicated that adopting arti�cial neural network (ANN) models can lead to better results
than those obtained with the regression expressions. 

In the context of this study, the ANN technique can e�ciently be used to evaluate the plasticity index of
clay soil treated with sand Therefore, it can be asserted that the prediction of the plasticity index was
successfully achieved with the ANN technique. Then, the results obtained were compared with those
obtained from the experimental tests that were carried out on clay soil of Medea in Algeria treated with
dune sand at different contents.

2. Arti�cial Neural Network Analysis
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Arti�cial neural networks (ANN) are computing methods that are based on the functioning of the human
brain neural network. They are mainly intended to analyze and process information. Over the last few
years, this technique has acquired increasing importance in various engineering �elds due to its high
performance and its simplicity of conception and use. The ANN architecture consists of a series of
simulated neurons ; each neuron corresponds to a node. These neurons are found in various layers, i.e.
the input layer, the output layer, and one or more hidden layers. The architecture of the ANN model is
illustrated in Fig. 1. According to this �gure, this network has an input layer, one or more hidden layers,
and an output layer. Each layer contains computational units (neurons) connected to other neurons by
weights. Each neuron can in fact calculate a weighted sum of its inputs which is transmitted to a transfer
function ( f ) in order to produce the outputs (Equations 1–2).

Ij = \varnothing j + ∑ n
i=1Wji × Xi

1

Y j = f Ij

2
Where

 Ij : output value ; Xi : the input value ; Wji: the weights of the connections ;\varnothing j: the bias ; n :
the number of inputs.

For each layer of the neural network in a multilayer perceptron (MLP) network, there is also a bias term. A
bias is a neuron in which the activation function is always equal to 1. Several functions can be used for
the activation of arti�cial neural networks. The most popular and commonly used ones are the sigmoid,
binary step, hyperbolic tangent, and radial functions (Arama, 2021). Training an arti�cial neural network
(ANN) is essential if one needs to achieve good performance. Consequently, the training of this network
was carried out using several algorithms. It is worth indicating that the backpropagation algorithm is
widely applied in this case. The training signal is transmitted from the output layer to the hidden layer,
and then returns back to the output layer. This process is repeated iteratively until the desired error is
reached (Goutham and Krishnaiah, 2021). Afterwards, the training phase of the model is validated and
tested for an independent set of values. The arti�cial neural network (ANN) is the most commonly applied
computational model in diverse areas of geotechnical engineering for solving various types of complex
problems such as liquefaction, settling, swelling, strength, and bearing capacity.

2.1. Data construction
In this study, the results of the experimental tests that were conducted on 38 samples of sand-treated soil
were collected for the purpose of developing an ANN model capable of predicting the plasticity index. It
should be noted that these data were gathered from several research studies available in the literature. In

( )
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addition, a total of 197 plasticity index values found in the literature were randomly divided into three
categories : the �rst category was for training (70%), the second one for testing (15%), and the third one
(15%) for the validation of the analysis model. All the data involved in this model are shown in Table 1,
while the statistical data-collection parameters are presented in Table 2. The database obtained is clearly
presented in the plasticity chart and is illustrated in Fig. 2. One may easily note that most data are under
the A-line and U-line.

2.2. ANN model development
The ANN models depend on various parameters such as the associated topology (number of inputs,
number of outputs, and number of hidden layers) ; they also depend on the learning parameters like the
transfer function, the number of learning cycles, and the maximum error (Taleb Bahmed et al., 2017). In
this study, the Matlab simulation program was employed to develop the ANN model using the back-
propagation training algorithm. The minimal error was obtained by applying Eq. 3, while the mean relative
error could be determined by means of Eq. 4 (Kellouche et al., 2021). It should be noted that the best
performance was obtained when the structure of the ANN model included three layers : one input layer,
one hidden layer, and one output layer. It is useful to recall that each layer consists of a number of
neurons. In this case, there are three neurons in the input layer, three neurons in the hidden layer and one
neuron in the output layer, as is illustrated in Fig. 3. Further, the input variables used were the liquid limit
(%), plastic limit (%), and sand content (%), while the output parameter was the plasticity index (%).The
normalization of the data between − 1 and + 1 before their introduction into the ANN models was done in
order to make them compatible with the limits of the "tan-sigmoid" transfer function which was used in
the hidden layer as well as in the output layer (Eq. 5).

E(\%) = ABS
OEXP − OANN

OEXP
× 100

3
Where : OEXP the experimental values ; OANN the predicted values.

MER(%) =
∑N

i=1E

N  (4)

Where : N the number of specimen.

f (  σ) =
1

( 1+e −σ )
  (5)

Where : f the activation function ; σ weighting function.

2.3. The performance of the ANN for predicting plasticity
index

( )
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Figure 4 gives an explicit comparison between the sand-treated clay soils plasticity index values obtained
with the ANN model and the experimental data used in the training and test sets. This same �gure clearly
indicates that the correlation coe�cient R² (0.99) obtained is signi�cantly high for the training sets, and it
is a high (0.97) for the testing sets. The value R² = 0.99 is used for the validation of the model. The ANN
model was validated using the four experimental results of Gokalp (2009), Jjuuko et al. (2011), Öncü and
Bilsel (2018), and Jyothi et al. (2019) ; these results are not included in the training database. This was
done for the purpose of predicting the plasticity index from the input parameters such as the liquid limit,
plastic limit, and percentage of sand. Based on the results obtained (Table 3), it could be noted that the
overall average error between the experimental results and the values predicted by the ANN model was
equal to 2.48%. This small error value allowed concluding that the proposed model is quite accurate. This
model can be used as a reliable tool for the prediction of plasticity index (PI) of clay soils treated with
sand.

3. Experimental Procedure

3.1. Materials used
The very plastic clay, which is the subject of this study, comes from the region of Boughezoul. It was
taken along the route of the road project linking Ksar El Boukhari to Boughezoul in the region of the
Wilaya of Medea (Algeria). This locality is situated at about 160 Km to the south of Algiers. The soil
under study was collected from under natural ground surface, at a depth of (0.5–1.5) m, as illustrated in
Fig. 5. The dune sand used was retrieved from Zaafrane, a small town in the Wilaya of Djelfa, not far
from the Wilaya of Médéa. This type of sand is widely used in the construction and public works. It was
collected manually and placed in plastic bags. The geotechnical properties of the clay soil and dune sand
were determined in accordance with Standard NF P. The recorded data are all summarized in Table (4). In
addition, Figs. 6 and 7 present the mineralogical analysis for the clay soil and dune sand.

The clay soil was �rst examined, and was then classi�ed as highly plastic (At) according to the Uni�ed
Soil Classi�cation System (USCS) and to the Central Laboratory for Roads and Bridges (Laboratoire
Central des Ponts et Chaussées - LCPC) as well.

The mineralogical analyses of the clayey soil and dune sand were carried out using the X-ray diffraction
(XRD) technique. The results obtained show that the Boughezoul clayey soil consists of several minerals
that essentially exhibit a hexagonal structure quartz (SiO2) and calcite (CaCO3), in addition to monoclinic
gypsum, Montmorillonite (Bentonite), Kaolinite with triclinic structure, crystallized Monoclinic Illite,
orthorhombic Illite- Montmorillonite and Kaolinite-Montmorillonite. On the other side, the mineralogical
analysis of the clay from Boughezoul shows the presence of montmorillonite in different phases, which
explains its high plasticity and signi�cant swelling potential. Moreover, the X-ray diffraction analysis
results of the dune sand showed the presence of a large amount of quartz (SiO2) and calcite (CaCO3)
both showing a hexagonal structure, in addition to the orthorhombic silicon oxide and cubic calcium
oxide. The dune sand used in this investigation can be considered as essentially siliceous in nature.
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3.2. Consistency limits
The consistency limits or Atterberg limits are physical properties describing �ne soils. They are generally
used to identify and characterize �ne soils ; they can also help in measuring the water content that
characterizes the different soil states (plastic, semi-plastic, and liquid). It should also be noted that the
approaches applied to obtain the consistency limits are those recommended by the French Standard (NF
P 94 − 051) for soils with particle size less than 0.40 mm. With regard to the plasticity index value, it is
de�ned as the difference between the liquid limit and the plastic limit. The plasticity index value is
essentially used to classify soils. In the present study, a series of Atterberg limit tests were carried out for
the purpose of assessing the behavior of the clayey soil from Boughezoul of the Wilaya Medea (Algeria)
when mixed with various dune sand contents (0%, 10%, 20%, 30% and 40%) by dry weight.

3.3. The effect of adding dune sand on consistency limits
The results of the Atterberg limits test that was carried out on Boughezoul clayey soil to which dune sand
was added at various proportions are reported in Table 5 and are illustrated in Fig. 8. These results show
explicitly that the liquid limit (LL) and plastic limit (PL) values decrease as the dune sand content goes
up. Indeed, it was found that the liquid limit and plastic limit values dropped, respectively, from 74.5 (%)
to 45.7 (%) and from 33.66–22.6%, for dune sand rates varying from 0–40%. In addition, Fig. 8 shows
that the plasticity index was enhanced as the proportion of dune sand augmented. Moreover, it was
found that this plasticity index dropped from 40.84% for untreated clayey soil (free of sand) to 23.1% for
clayey soil incorporating 40% of dune sand. It was also revealed that the decrease in the plasticity index
value was primarily attributed to the decrease in the liquid limit and plastic limit values. Regarding Fig. 9,
it presents the Casagrande plasticity chart which shows the impact of dune sand content on the
classi�cation of the clayey soil treated with 40% of dune sand. According to this plasticity chart, this clay
soil went from high plasticity to low plasticity.

Furthermore, the decrease in the liquid limit and plastic limit values were essentially assigned to the
reduction in clay particles in the mixtures (clay soil + sand), which in turn diminished the capacity of these
mixtures to absorb water. This also led to the decline in the speci�c surface area of the mixtures and
engendered the decrease in the cation exchange capacity due to the incorporation of sand particles into
clay. It should also be mentioned that the same behavior has previously been reported by other
researchers for clayey soils treated with sand. In this context, Kolay and Ramesh (2016) examined the
behavior of kaolinite and bentonite clays treated with different sand contents (0%, 10%, 20%, 30%, 40%
and 50%). They found out that these types of clay have liquid limit and plastic limit values respectively
equal to 75.84% and 28.49%. Then, with the addition of 50% of sand, these values decreased signi�cantly
to 32.05% and 15.42%, respectively. In addition, for bentonite clay, these authors found out that the liquid
limit dropped from 603.07–120.80%, and the plastic limit from 94.51–65.85%, with addition of 50% of
sand. With regard to Harichane et al. (2017), they investigated the effect of dune sand on the Atterberg
limits of clay soil brought from the Wilaya of Chlef in Algeria. Indeed, it was found that the addition of
20% of dune sand caused the liquid limits and plastic limits to decrease respectively from 78.42–62.41%
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and from 30.73–28.43%. Similarly, the plasticity index value decreased from 47.69–33.98%. As for Sun et
al. (2021), they suggested that the plasticity index of the mixture (Chinese clay + sand) decreased as the
sand content augmented. The variation of the liquid limit as a function of the plasticity index is showed
in Fig. 10. One can clearly see that the liquid limit increases as the plasticity index increases. Note also
that a linear relationship exists between these two variables, with a coe�cient of correlation (R) equal to
0.97. The relationship between the liquid limit and plasticity index is described by Eq. 6.

IP = 0.62WL-6.24 (6)

3.4. Experimental validation
Table 6 and Fig. 11 presents a simple comparison between the experimental results and the predicted
ones using the ANN model of the plasticity index of clay soil treated with dune sand. This same table
indicates that the mean relative error (MRE) is very low (1.06%). The results obtained showed that this is
a high performance model; it can be applied without carrying out any laboratory tests. This model is quite
suitable for predicting the plasticity index of clayey soils treated with sand.

4. Conclusion
The arti�cial neural network (ANN) algorithm was used in this study to develop a model that allows
predicting the plasticity index of sand-treated clayey soils. In addition, the effect of sand content on the
plasticity index value of the mixture was also investigated. The �ndings of the study allowed drawing the
following conclusions :

This study con�rms the good performance of the ANN model for predicting the plasticity index of
clay soils treated with various contents of sand, with a high coe�cient of determination (R²). Indeed,
the values R² found for the training, testing, and validation datasets were quite high; these values
were respectively equal to 0.99, 0.97 and 0.99. In addition, the mean absolute error (MAE) had the
lowest possible value (2.48%), which means that the ANN model is the appropriate choice for
estimating the plasticity index.

Increasing the dune sand content from 0 to 40% induced a better consistency limit parameter in the
clayey soil of Boughezoul. In addition, the liquid limit and plastic limit values dropped respectively
from74.5–45.7% and 33.66–22.6%. Moreover, the addition of 40% of dune sand diminished the
plasticity index by 43% in comparison with the untreated clayey soil of Boughezoul. This engendered
a behavior change from high plasticity clayey soil to low plasticity clayey soil.

The models developed using the ANN method for estimating the plasticity index turned out to be
highly performant, with a very low mean absolute error (1.06%) in comparison with the experimental
results from the tests that were carried out on the soil treated with dune sand. Consequently, the
model developed in this study can be applied in many geotechnical works with no need to carry out
any laboratory tests.
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Table 1. Source of data.

Data source Number of
data

Data source Number of
data

Khelifa   (1994) 36 Kollaros  and Athanasopoulou
(2016)

11

Frempong (1995) 4 Shrestha (2016) 4

Bouzid (1997) 5 Srikanth and Mishra (2016) 4

Bengraa (2004) 10 Jirna et al. (2017) 4

Lamara et al. (2005) 4 Shammat (2017) 6

Prakasha and Chandrasekaran
(2005)

4 Hanif et al. (2019) 3

Hudyma and Avar (2006) 10 Atemimi (2020) 4

Mekkiyah et al. (2011) 5 Atemimi et al. (2021) 4

Ravi Shankar et al. (2012) 5 Chian and   Bi (2021) 6

Roy (2013) 8 Fattah et al. (2021) 4

Park and Nong (2014) 14 Putra (2021) 6

Mekkiyah and  Al-Khazragie
(2015)

7 Sun et al. (2021) 5

Klinsky et al. (2016) 5 Zhang et al. (2021) 9

Kolay and   Ramesh (2016) 6 Gou� et al. (2022) 4

Total number of data 197

 

Table 2. Statistical parameters of data. 

  Parameters Unit Minimum Maximum Range

Input Liquid limit % 19 219 56.82

Plastic limit % 10 105 26.08

Sand content % 0 100 26.70

Output Plasticity index % 3.9 155 30.74
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Table 3. Relative errors between experimental and the ANN predicted of plasticity index

Author Sand 

(%)

LL

 (%)

PL

(%)

PI-Exp 

(%) 

PI- ANN

(%)

Error

(%)

Gokalp (2009) 0 51.5 27.33 24.17 23.73 1.82

10 44.59 25.55 19.04 18.79 1.31

20 42 22.72 19.28 19.09 0.99

30 36.8 18.57 18.23 18.26 0.16

40 33.45 17.8 15.65 16.06 2.62

50 30.01 17.59 12.42 13.40 7.89

Jjuuko et al .(2011) 0 49.4 18.9 30.5 30.14 1.18

20 37 14.4 22.6 22.36 1.06

40 30.9 15.7 15.2 15.71 3.36

60 26.3 15.7 10.6 12.03 13.49

Öncü and  Bilsel (2018) 0 65 36 29 28.84 0.55

50 32 20 12 13.00 8.33

Jyothi et al. (2019) 0 67.51 30.12 37.39 37.53 0.37

10 64.96 28.87 36.09 36.06 0.08

20 58.34 26.92 31.42 31.14 0.89

30 53.64 25.3 28.34 28.00 1.20

40 50.73 24.61 26.12 25.80 1.23

50 42.87 22.23 20.64 20.55 0.44

60 38.09 19.29 18.8 18.95 0.80

70 36.33 18.65 17.67 18.00 1.87

Average error           2.48

 

Table 4. Geotechnical characteristics of the used materials.
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Properties Symbols Clay Dune sand Standards

<80 μm (%) 99.2 - NF P 94 (056-057)

< 2 μm (%) 47.4 -

Speci�c gravity Gs 2.51 2.62 NF P 94-054

Natural water content Wn(%) 25.8 - NF P 94-050

Liquid limit LL (%) 74.50 -  

 

NFP 94-051 

Plastic limit PL (%) 33.66 -

Plasticity index PI (%) 40.84 -

Consistency index CI (%) 1.19 -

Methylene blue value MBV 5.5 0.25 NFP 94-068 

Speci�c surface area SSA (m²/g) 115.5 5.25

Optimum moisture content Wop (%) 20.1 - NFP 94-093

Maximum dry density  (t/m³) 1.61 -

Sand equivalent SE(%) - 55.32 NF EN 933-8

 

Table 5. Variation of consistency limit with different percentage of dune sand.

Dune sand

(%)

LL

(%)

PL

(%)

IP

(%)

0 74.5 33.66 40.84

10 66 31.48 34.52

20 58 29.92 28.08

30 49.9 25.13 24.77

40 45.7 22.6 23.1

 

 Table 6. Comparison between experimental results and predicted results of plasticity index.

Figures
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Dune sand

(%)

PI-Exp

(%)

PI- ANN

(%)

Error

(%)

0 40.84 41.33 1.20

10 34.52 34.46 0.17

20 28.08 27.7 1.35

30 24.77 24.4 1.49

40 23.1 22.85 1.08

Average error     1.06

Figure 1

Schematic the structural operation of a ANN network.
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Figure 2

Location data on the plasticity chart.

Figure 3

Neural network architecture for plasticity index prediction.
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Figure 4

Comparaison between experimental results  predicted  for plasticity index

(a) Training, (b) Testing, (c) Validation, (d) All sets.
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Figure 5

Location of the studied materials.
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Figure 6

X-ray diffraction of the clay soil.
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Figure 7

X-ray diffraction dune sand.
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Figure 8

Variation of liquid limit, plastic limit with different percentage of dune sand.
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Figure 9

Variation of plasticity index with different percentage of dune sand.
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Figure 10

Evolution liquid limit with plasticity index.
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Figure 11

Comparison between the experimental results and the predicted values by ANN model for plasticity index
treated with dune sand .


