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A B S T R A C T

Volumetric stability and erodibility are important soil properties influenced by moisture through raindrops and
eventual runoff and the rise in water tables during wet seasons. Compacted subgrade materials made of clay
respond to water ingress through swelling and shrinking in turn during drying and this poses a problem for
foundation structures. Supplementary cementitious materials have been used to treat soils, in a cleaner proce-
dure to improve the mechanical properties and to overcome undesirable behavior during changes in seasons.
However, design and construction of foundation structures exposed to these problems become necessary and
common, which requires constant visits to the laboratory and equipment needs. In order to overcome this,
machine learning‐based predictive models have been proposed in this work for the estimation of durability
(Sv) via loss of strength on immersion technique and erodibility (Er) of agro‐based ashes. Genetic programming
(GP) (six levels of complexity), artificial neural network (ANN) (sigmoid activation function), evolutionary
polynomial regression (EPR) (GA optimized PLR method) techniques have been used to conduct this intelligent
prediction exercise. The performance of the models was conducted using the sum of squared errors (SSE) and
coefficient of determination (R2) indices. The results show that EPR’s Er and Sv prediction with SSE of 5.1%
and 2.7% respectively and R2 of 97.2% and 92.9% respectively outclassed GP and ANN. However, both GP
and ANN showed minimal error and acceptable R2 above 0.85, which showed their ability to predict with good
performance accuracy.
1. Introduction

Preamble

Various geotechnical engineering structures, such as pavements,
subgrades and footings are exposed to various severe environmental
phenomena such as rain and wind, which cause their total or partial
degradation. Understanding, analyzing and predicting this degrada-
tion which can occur in terms of heightened soil loss and/or reduced
durability of soil has been of critical attention to geotechnical engi-
neers. Whereas soil erodibility entails the removal of surface layers
of soil, which involves a process of both particle detachment and par-
ticle transport by the disturbing agencies; soil durability defines its
property that reflects its performance under freeze–thaw and wet-
ting–drying cycles. Expansion of water in the pore space due to water
ingress into the soil matrix or matric suction occasioned by repeated
freezing and thawing as well as other seasonality factors cause the
compacted soil surface to heave, leading to changes in microstructure,
strength loss and increased erosion susceptibility (Shen and Akky,
1974; Saarenketo, 2000). This phenomenon weakens the bond
strength between cementing particles and consequently reduces the
soil's erosion resistance. It is also known that under different matric
suction actions, porosity of the soils reduces gradually with the
increase of matric suction and the matric suction action frequency
(Zhang et al., 2020).

Basically, less severe ground movements and soil loss usually occur
during transient rainfall infiltration and under partially saturated con-
ditions. Hence, fluctuations in soil matric suction among others remain
fundamental variables determining soil degradation (Bittelli et al.,
2012; Carman, 1997). As soon as geotechnical and structural engineers

http://crossmark.crossref.org/dialog/?doi=10.1016/j.clema.2021.100006&domain=pdf
https://doi.org/10.1016/j.clema.2021.100006
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:kennedychibuzor@kiu.ac.ug
https://doi.org/10.1016/j.clema.2021.100006
http://www.sciencedirect.com/science/journal/27723976
http://www.elsevier.com/locate/clema


Nomenclature

Notations
A Proportion of Agro‐waste Ashes
IP Plasticity Index
UO Unconfined compressive strength of soil air‐cured for

28 days
Er Erodibility
SV Volumetric Stability (Durability)
GP Genetic Programming
ANN Artificial Neural Network
EPR Evolutionary Polynomial Regression

GA Genetic Algorithm
PLR Polynomial Linear Regression
R2 Coefficient of Determination
SSE Sum of Squared Errors
AWA Agro‐Waste Ashes
NWPA Nanotextured Waste Paper Ash
NPBA Nanotextured Palm Bunch Ash
NSSA Nanotextured Snail Shell Ash
NQD Nanotextured Quarry Dust
NPSA Nanotextured Palm‐kernel Shell Ash
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understood and reported the effectiveness and suitability of cement
and other cementitious materials in improving the engineering proper-
ties such as durability, erodibility, consistency and shear strength of a
wide variety of soils, cement‐treated or cement‐stabilized soils were
being employed in pavement, base, subbase, and subgrade construc-
tion since the earlier part of the 20th century. In practice, depending
on the intended use, cement‐treated soils are mostly blended with
low cement such as nono‐ash dosages with or without a targeted
strength (Baghdadi and Shihata, 1999; Barbu and McManis, 2004).
It is also known that untreated and cement‐treated or stabilized mate-
rials with less free moisture generally perform better in the long term
than those with freer moisture, provided all other influencing variables
are neglected (Zhang and Tao, 2008). The addition of stabilization
agents such as cementing materials like various bio‐ash does not only
enhance the soil's durability when used as a foundation or construction
material, but fortifies soil to resist weathering and subsequent erosion
(Syed et al., 2003; Shen and Akky, 1974; Stavridakis, 2006). In fact,
Shen and Akky (1974) had earlier concluded that it was possible to
relate soil–cement erodibility to durability test results using the rotat-
ing cylinder apparatus; maintaining that whereas a steady state of ero-
sion loss could be achieved in samples of higher cement contents,
resistance to weathering and subsequent erosion of cement‐stabilized
soil increases as cement content in the soil samples increases. Hence,
their result posited that a strong connection exists between erodibility
and durability of soils (Onyelowe and Duc, 2018). The plasticity index,
defined as the range of moisture contents over which the soil deforms
plastically, is also being regarded as a critical influencer of soil erodi-
bility and durability (Keller and Dexter, 2012). Also, the degree of sat-
uration, water content, dry density, unconfined compressive strength
and percentage of the nano‐ash being used affect the erodibility and
durability of sands treated with various nano‐ashes such as: Nanotex-
tured Waste Paper Ash (NWPA), Nanotextured Palm Bunch Ash
(NPBA), Nanotextured Snail Shell Ash (NSSA), Nanotextured Quarry
Dust (NQD) and Nanotextured Palm‐kernel Shell Ash (NPSA)
(Onyelowe and Duc, 2018; K. C. Onyelowe, 2019; Onyelowe, 2017a;
Onyelowe, 2017b). As earlier advanced, the durability and erodibility
of cement‐treated or stabilized soils remains a concern for the mix
design of cement stabilization under wetting drying or/and freezing‐
thawing cycles. First, there is non‐linear and complex interactions
within the stabilized soil matrix owing to various variables influencing
these parameters like moisture ingress, bonding architecture, and so
on, as well as challenges of longer testing time, and dynamic beha-
viours during extreme loading exposures (Syed et al., 2000; Scullion
and Saarenketo, 1997; Zhang and Tao, 2008; Cui et al., 2008; and so
on). The use of evolutionary computational techniques therefore
proves to be a promising option to predict the erodibility and durabil-
ity state of nanotextured bio‐ashes.
2

Nanotechnology and application for erodibility and durability enhancement
of unsaturated soil: potentials of the use of nanotextured materials for
environmental and energy sustainability

As materials possessing, at minimum, one external dimension mea-
suring 1–100 nm; occupying within 0.5–5% of the medium matrix, the
use of nanotextured materials have swept across various fields of
research and implementation, including medicine and pharmaceuti-
cals (Bajwa et al., 2017), agriculture (Marchiol, 2018; Marchiol
et al., 2016; Adetunji et al., 2020), aviation (Alsharef et al., 2016;
Amadi, 2014), engineering (Kadivar et al., 2011; Almurshedi et al.,
2020, Baziar et al., 2018; and many more), as well as in other fields.
The uncontrolled deposition of agro‐industrial wastes, which can be
converted to useable nanomaterials can pose serious problems to
health and environment (Onyelowe and Okafor, 2015). Many energy
policy interventions, which can make a major contribution to the sus-
tainable economic, environmental, and social development of Africa's
most populated country, Nigeria, have been initiated of which one of
the major routes is the sustainable utilization of green composites and
nano‐ashes to improve soil properties (Oyedepo, 2012). Sustainable
engineering practice should encompass energy exploitation and pro-
motion of renewable energy resources, energy efficiency practices, as
well as the application of energy conservation measures in various sec-
tors such as in the construction of industrial, residential, roads, and
office buildings, in transportation and agriculture. Fundamentally,
the enhancement of soils using nanocomposites and bio‐ashes nano-
materials is critical for obtaining a smart and ecological and
environment‐friendly construction and foundation work.

Within the last few decades, various studies have been carried out
to analyse and predict the influence of adding nanotextured materials
on the durability and erodibility of soils. Zhang and Tao (2008) eval-
uated three testing methods for predicting the durability of cement‐
stabilized soils, viz: the tube suction (TS), 7‐day unconfined compres-
sion strength (UCS), and wetting–drying durability tests, for a prob-
lematic low plastic silt clay. Their study indicated that the water‐
cement ratio of cement‐stabilized soil had the dominant influence on
the maximum dielectric value (DV), 7‐day UCS, and durability of sta-
bilized samples tested, although they discovered that the dry unit
weight of cement‐stabilized soil could cause the variation of the
results. Their study confirms that TS, 7‐day UCS, and wetting–drying
durability tests were equivalent in predicting durability, and derived
tentative charts ensured the durability of cement‐stabilized low plas-
ticity soils were developed using their 7‐day UCS or the maximum
DV values. Pham et al. (2016) evaluated the durability of cement trea-
ted soil exposed to synthetic sea water via uniaxial compression and
needle penetration testing. Recently, Wang et al. (2021) investigated
the effects of granular rubber on the erosion resistance of cement soils
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by performing erosion test, permeability test and crystallization test.
They further concluded their findings by giving three reasons for
increasing of erosion resistance of rubber‐cement treated soils, which
included: blocking of capillary action, elastomer action and prevention
of crack propagation action triggered by the stabilization materials.

Menaa et al. (2009) evaluated the performance of rigid surface
structures such as concrete pavements and slabs‐on‐grade supported
by a deteriorate subgrade and experiencing local contact loss experi-
mentally and numerically. They constructed a laboratory setup to
enable the simulation of subsurface erosion and to measure the
changes in contact pressure at selected locations under a slab‐on‐
grade supported on granular material. Their finding suggested that
the presence of erosion voids under a slab‐on‐grade can lead to rapid
increase in the contact pressure in the immediate vicinity of the void
in addition to an inducement of significant tensile stresses at the outer-
most fibers of the slab. Meguid and Kamel (2014) employed elasto‐
plastic finite element analyses to investigate the three‐dimensional
effects of erosion voids developing behind the walls of an existing
sewer pipe on the earth pressure distribution around the pipe and
the stresses in the pipe wall. Their findings confirmed that the pres-
ence of erosion voids can have a significant impact on the earth pres-
sure distribution around an existing pipe as well as on the pipe wall
stresses, thereby affecting its durability or longevity of usage. More-
over, in their own study, Gidday and Mittal (2020) attempted to
enhance road sub‐grade durability by stabilizing dispersive soil with
lime. Their evaluation provided more acceptable index properties,
reduces dispersivity, increases unconfined compression strength, and
California Bearing Ratio value with an increasing lime quantity and
curing at varying test conditions. From their research, they stated opti-
mum lime content to be 7% to 9 % of dry soil weight, maintaining that
such blend gave high strength and quality of subgrade pavement rat-
ing. It has also been confirmed that carbon nanomaterials (CNMs)
made with small amounts (0.05, 0.075, 0.1, and 0.2%) of nanocarbons,
that is, carbon nanotube (multiwall carbon nanotube (MWCNTs)) and
carbon nanofibers (CNFs), had striking effects on the Atterberg limits,
optimum water content, maximum dry density, specific gravity, pH,
and hydraulic conductivity. Some evaluated the effects of common soil
additives incorporating lime, cement, and sand on the shrinkage and
hydraulic conductivity of compacted clay soils which is employed in
clay liner constructions. Onyelowe (2018) confirmed the potential of
the use of nanostructured kaolin as an additive in the stabilization of
lateritic soils while enhancing the durability and general performance
of such stabilized soil as a sub‐base material.

1.3. Evolutionary computational techniques for predicting soil erodibility
and durability

The use of stochastic algorithms whose search methods model
some natural phenomena such as genetic inheritance and Darwinian
strive for survival, in making engineering predictions is gaining strong
attention among researchers and engineering solution seekers. Owing
to the non‐linearity and complexity of the interaction of the stabilized
soil particles within the soil matrix, the introduction of an initial set of
candidate solutions produced by stochastically removing less desired
solutions, and introducing small random changes generated and itera-
tively updated for the formation of each new generation. Evolutionary
computation techniques can yield super optimized solutions across a
large domain, making them suitable in performing many predictions
and analytical functions. Various evolutionary computational tech-
niques, otherwise known as machine learning techniques, such as arti-
ficial neural networks (ANN), support vector machines (SVM), genetic
programming (GP), genetic algorithm (GA), and many more, have
been developed to capture the solutions of various non‐linear prob-
lems within a complex domain. An elaborate study of evolutionary
computation in the context of structural design has been done in the
Information Technology and Engineering School at George Mason by
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Kicinger and his colleagues (Kicinger et al., 2005). They provided a
comprehensive review and sequential classification of the applications
of evolutionary computation in structural design. Arciszewski and
Jong (2001) gave a description of the evolving evolutionary computa-
tion analysis, including an analysis in the context of complex adaptive
systems and based on the visualization of the gene pool and of the fit-
ness function.

The use of genetic programming (GP), artificial neural networks
(ANN) and artificial neural network optimized genetic algorithm,
otherwise known as evolutionary regression polynomial (ERP) has
gained deeper applications in engineering applications, and in
geotechnical predictions in particular. Not only has the application
of GP, a heuristic search technique which searches for an optimal or
suitable program among the space of all programs been astronomical,
it's potential and performance has been phenomenal. Onyelowe et al.
(2021a) successfully predicted the compression index of multiple‐
binder treated weak and highly plastic soil by GP techniques.

Similarly, artificial neural network (ANN), an assembly of con-
nected units or nodes called artificial neurons, which loosely model
the neurons in a biological brain with each connection, like the
synapses in a biological brain transmitting a signal to other neurons,
have become a rampantly used method (Onyelowe et al., 2021b). This
is owing to it's potential to give more efficient and accurate results to
regression based statistical equations when it comes to modelling non-
linear and complex systems. Kurnaz et al. (2016) proposed an artificial
neural network (ANN) model for prediction of compression index and
recompression index from basic soil properties using the input param-
eters of natural water content, initial void ratio, liquid limit and plas-
ticity index. Le et al. (2020) evaluated soil durability by predicting the
unconfined compressive strength of some soil samples using ANN
model. Their findings suggested that plasticity index was a key factor
that influences soil durability. Kouchami‐Sardoo et al. (2020) devel-
oped a Multi‐Layer Perception (MLP) neural network to predict erodi-
bility changes in response to spatial variation of the selected features.
Their developed MLP‐model provided a strong basis for the prediction
of soil erodibility. Anjita et al. (2017) predicted maximum dry density
of soil using genetic Algorithm (GA), a process of natural selection
where the fittest individuals are selected from the generation for
reproduction in order to produce offspring (solutions) of the next gen-
eration (subsequent results).

A common practice is the use of variants of various evolutionary
computational techniques or their combinations for optimized output
to predict soil behavior such as erodibility and durability responses.
For instance, Alavi et al. (2011), utilized the variants of genetic pro-
gramming, namely linear genetic programming (LGP), and a hybrid
search algorithm coupling LGP and simulated annealing (SA), called
LGP/SA, to predict the performance characteristics of stabilized soil.
They reported that LGP and LGP/SA‐ based models related to uncon-
fined compressive strength (UCS), maximum dry density (MDD) and
optimum moisture content (OMC) of the stabilized soil to the proper-
ties of natural soil and type and quantity of stabilizing additives. They
stated that soil texture and particle size fractions (PSFs) were critical
characteristic of soil that influence most physical, chemical, and bio-
logical response of soil; furthermore, reliable spatial predictions of
PSFs are crucial for agro‐ecological modeling. Taghizadeh‐Mehrjardi
et al. (2021) developed a series of hybridized artificial neural network
(ANN) models with bio‐inspired metaheuristic optimization algo-
rithms such as a genetic algorithm (EPR), particle swarm optimization
(PSO‐ANN), bat (BAT‐ANN), and monarch butterfly optimization
(MBO‐ANN) algorithms, for predicting the soil texture and particle
fraction for the Mazandaran Province of northern Iran. Their result
confirmed that the hybridized ANN methods (such as ERP) were far
superior to the reference approach using ANN with a backpropagation
training algorithm (BP‐ANN).

Despite the numerous studies performed using various evolutionary
computations techniques, no attention has been directed to the com-



K.C. Onyelowe et al. Cleaner Materials 1 (2021) 100006
bined prediction of erodibility and durability of various bio‐ash stabi-
lized lateritic soils, nor has any focus being paid to their predictions
using GP, ANN and ERP while employing multiple influencing param-
eters. Consequently, the present study reports the volumetric stability
(durability) and erodibility of unsaturated lateritic soils treated with
various nanotextured bio‐ashes namely: Nanotextured Waste Paper
Ash (NWPA), Nanotextured Palm Bunch Ash (NPBA), Nanotextured
Snail Shell Ash (NSSA), Nanotextured Quarry Dust (NQD) and Nan-
otextured Palm‐kernel Shell Ash (NPSA), predicted and compared
using GP, ANN and EPR techniques from the predictor variables
namely: plasticity index (Ip), bio‐ash proportions (A) and unconfined
compressive strength of soil‐air cured at 14 days and immersed at
14 days (U1) and unconfined compressive strength of soil‐air cured
at 28 days (U0).

2. Methodology

2.1. Background

The data collection method applied in this work was the literature
search and data collation method where the outcome of soil stabiliza-
tion exercise conducted by Onyelowe and Duc (2018) on the behavior
of durability by loss of strength on immersion technique and erodibil-
ity of A‐2–7 soil treated with different dosages (2.5%, 5%, 7.5%, 10%,
12.5% and 15% by weight of dry soil), of agro‐based nanotextured
ashes was collected for intelligent predictive model work. The selected
nanotextured agro‐based ashes, which included; nanotextured waste
paper ash (NWPA), nanotextured palm bunch ash (NPBA), nanotex-
tured snail shell ash (NSSA), nanotextured quarry dust (NQD) and nan-
otextured palm‐kernel shell ash (NPSA) were studied with Xray
Fluorescence (XRF) test to determine the spread of the pozzolanic oxi-
des composition, which showed that all tested ash materials were
Table 1
The used database.

A Ip Uo

– – MPa
Training set
0.150 0.161 0.233
0.075 0.223 0.276
0.025 0.231 0.395
0.025 0.239 0.346
0.075 0.213 0.390
0.150 0.110 0.465
0.025 0.227 0.387
0.000 0.219 0.219
0.025 0.232 0.228
0.125 0.153 0.290
0.075 0.218 0.417
0.100 0.201 0.425
0.100 0.149 0.256
0.150 0.140 0.412
0.100 0.207 0.411
0.125 0.132 0.243
0.100 0.173 0.400
0.050 0.272 0.220
0.050 0.243 0.401
0.050 0.289 0.200
0.125 0.179 0.438
Validation set
0.025 0.228 0.204
0.100 0.176 0.296
0.150 0.140 0.413
0.150 0.143 0.301
0.050 0.237 0.395
0.050 0.220 0.401
0.125 0.154 0.404
0.125 0.163 0.409
0.075 0.210 0.401
0.075 0.271 0.236
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highly pozzolanic with the total percentage of Al2O3, SiO2 and Fe2O3

above 70%, which satisfied the requirements of pozzolanic materials
standard (ASTM C618, 1978), which is utilized as cleaner cementing
materials with zero carbon footprint. The increased pozzolanic index
of above 70% was due to the increased reactive and nucleating surface
because of increased fineness by nanosization. The results obtained
have been deployed in the machine learning‐based predictive models
for durability and erodibility of ash treated soil.

2.2. Collected database and statistical analysis of input and output
parameters

31 soil samples were tested to determine the following physical and
mechanical proprieties

• Ash Proportion (A) %,
• Plasticity index (Ip) %,
• Unconfined compressive strength of soil air‐cured for 28 days (Uo)
MPa;

• Erodibility (Er) g/sec,
• Volumetric Stability (Sv) %

The measured records were divided into training set (21 records;
68%) and validation set (10 records; 32%). Table 1 includes the com-
plete dataset, while Tables 2, 3 summarizes their statistical character-
istics and the Pearson correlation matrix. Finally, Fig. 1 shows the
histograms for both inputs and outputs.

2.3. Research program of predictive models

Three different Artificial Intelligent (AI) techniques were used to
predict the shear strength parameters of the tested soil samples. These
Er Sv

g/sec –

0.088 0.937
0.078 0.726
0.090 0.952
0.088 0.827
0.063 0.909
0.030 0.893
0.088 0.921
0.112 0.761
0.090 0.594
0.073 0.827
0.055 0.868
0.040 0.909
0.088 0.825
0.040 0.973
0.057 0.953
0.087 0.884
0.058 0.939
0.087 0.662
0.068 0.890
0.102 0.825
0.037 0.913

0.105 0.815
0.077 0.831
0.035 0.970
0.070 0.787
0.068 0.857
0.068 0.931
0.048 0.941
0.047 0.978
0.062 0.953
0.092 0.767



Table 3
Pearson correlation matrix.

A Ip Uo Er Sv

A 1
Ip −0.82504 1
Uo 0.294081 −0.30654 1
Er −0.66775 0.546439 −0.8398 1
Sv 0.427541 −0.42439 0.714568 −0.57236 1

Table 2
Statistical analysis of collected database.

Stat Indices A (%) Ip (%) Uo (MPa) Er (g/sec) Sv

Training set
Max. 0.00 0.11 0.20 0.03 0.59
Min 0.15 0.29 0.47 0.11 0.97
Avg 0.08 0.20 0.34 0.07 0.86
SD 0.05 0.05 0.09 0.02 0.10
Var 0.56 0.23 0.26 0.31 0.11
Validation set
Max. 0.03 0.14 0.20 0.04 0.77
Min 0.15 0.27 0.41 0.11 0.98
Avg 0.09 0.19 0.35 0.07 0.88
SD 0.04 0.04 0.08 0.02 0.08
Var 0.45 0.22 0.22 0.30 0.09
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techniques are Genetic programming (GP), artificial neural network
(ANN) and polynomial linear regression optimized using genetic algo-
rithm (GA‐PLR), which is known as evolutionary polynomial regres-
sion (EPR). All the three developed models were used to predict the
values of both erodibility (Er) and volumetric stability (Sv) using the
measured ash proportion (A), plasticity index (Ip) and unconfined
compressive strength of soil air‐cured for 28 days (Uo) in mathemati-
cal functional relationships as follows;

Er = f (A, IP, UO) (1)
Sv = f (A, IP, UO, Er) (2)
Each model on the three developed models was based on different

approach; evolutionary approach for GP, mimicking biological neu-
rons for ANN and optimized mathematical regression technique for
EPR. However, for all developed models, prediction accuracy was eval-
uated in terms of Sum of Squared Errors (SSE).

The following section discusses the results of each model. The accu-
racies of developed models were evaluated by comparing the (SSE)
between predicted and calculated shear strength parameters values.
The results of all developed models are summarized in Table 4.
3. Results and analysis

3.1. Preliminary study

According the literature, the soil used in the examination was col-
lected from Olokoro, Nigeria located on latitude of 05°28036.700″
North and longitude 07°32023.170″ East from a depth of 1.5 m, a dis-
tance of 5 km off Ubakala road from the Ishi Court junction, Umuahia,
Abia state capital, Nigeria (Onyelowe and Duc, 2018). The soil was an
A‐2‐7 group soil according to AASHTO method of soil classification
and was treated with 5%, 10% and 15% by weight of dry soil of
selected nanotextured agro‐based ashes and tests results showed that
the addition of these ashes improved the properties of the soil
(Onyelowe and Duc, 2018). The basic treated soil parameters which
included durability obtained by method of loss of strength on immer-
sion and erodibility were substantially improved with the addition of
5

the selected ashes (Onyelowe and Duc, 2018; Onyelowe, 2017a;
Onyelowe, 2017b and K. C. Onyelowe, 2019).

3.2. Prediction of erodibility and Volumetric Stability (Durability) of Agro-
waste Ashes-Treated soil

3.2.1. Model (1) – Using (GP) technique:
The developed GP model started with the one level of complexity

and settled at six levels of complexity. The population size, survivor
size and number of generations were 100 000, 30 000 and 200 respec-
tively. Eq. (3) & (4) present the output formulas for (Er) & (Sv) respec-
tively, while Figs. 3(a) & 4(a) show their fitness respectively. The
average error % of total set for (Er) & (Sv) are (6.3%) & (2.8%) respec-
tively, while the (R2) values are (0.958) & (0.926) respectively, which
agrees with the findings of Onyelowe et al. (2021a).

Er ¼ 0:33Ipð ÞIp�Uo

49 7�A�Uo2ð Þ 1þUoð Þ 5 � Ipþ Uoþ 7ð Þ
ð3Þ

Sv ¼ 33Erð Þ3 Aþ 9Er2
� �þ 360Er:Uo2 9Uo� 11Uo2 � 1

� �þ 9=8 ð4Þ
3.2.2. Model (2) – Using (ANN) technique:
A back propagation ANN with one hidden layer and nonlinear acti-

vation function (Sigmoid) was used to predict both Erodibility (Er) and
Volumetric Stability (Sv) after preliminary trials showed that sigmoid
nonlinear activation function performed better than hyper‐tanh non-
linear activation function. The used ANN sigmoid network layouts
and their connation weights are illustrated in Fig. 2. Eq. (5) & (10) pre-
sent the equivalent functions of the developed ANN models for Er and
Sv supported by substitution by Eq. (6)–(9) and Eq. (11)–(14) respec-
tively. The average error % of the total dataset for these equations are
(7.3%) & (3.6%) and the (R2) values are (0.939) & (0.852) respec-
tively, which agrees with the results of Onyelowe et al. (2021b). The
relations between calculated and predicted values are shown in Figs. 3
(b) & 4(b).

Er ¼ 0:03þ 0:082
1þ e�Y1 ð5Þ



Fig. 1. Distribution histograms for inputs and outputs.
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Y1 ¼ 4:92� 4:40
1þ e�X1 �

6:36
1þ e�X2 ð6Þ

X1 ¼ �0:82þ 1:76A
0 þ 1:34Ip0 þ 7:46Uo0 ð7Þ

X2 ¼ �7:69þ 3:68A
0 þ 1:21Ip

0 þ 4:45Uo0 ð8Þ

A
0 ¼ Hc

0:15
; Ip

0 ¼ Ip� 0:11
0:18

;Uo
0 ¼ Uo� 0:20

0:27
ð9Þ

Sv ¼ 0:594þ 0:384
1þ e�Y1 ð10Þ
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Y1 ¼ 1:16� 5:70
1þ e�X1 þ

7:49
1þ e�X2 ð11Þ

X1 ¼ 1:40þ 1:67A
0 þ 0:65Ip

0 � 7:62Uo
0 þ 2:55Er0 ð12Þ

X2 ¼ �4:14þ 2:51A
0 � 0:15Ip

0 � 0:61Uo
0 þ 4:55Er0 ð13Þ

A
0 ¼ Hc

0:15
; Ip

0 ¼ Ip� 0:11
0:18

;Uo
0 ¼ Uo� 0:20

0:27
;Er

0 ¼ Er � 0:03
0:08

ð14Þ



Fig. 2. Layout for the developed ANN models and their connection weights.
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3.2.3. Model (3) – Using (EPR) technique:
Finally, the developed EPR model was limited to quadratic level,

for four inputs, there are 86 possible terms

ð∑i¼4
i¼1Xi þ∑i¼4

i¼1∑
j¼4
j¼1∑

k¼4
k¼1Xi:Xj:Xk þ CÞ. GA technique was applied on
Table 4
Performance accuracies of developed models.

Soil Property Intelligent Technique

Er GP
ANN
EPR

Sv GP
ANN
EPR

7

these 86 terms to select the most effective 7 terms to predict the values
of (Er) & (Sv). The outputs are illustrated in Eq. (15) & (16) and their
fitness are shown in Figs. 3(c) & 4(c). The average error% and (R2) val-
ues were improved to (5.1%) ‐(0.972) & (2.7%) ‐(0.929) for the total
datasets respectively, which agrees with the findings of Onyelowe and
Shakeri (2021).

Er ¼ 0:512� 2:5Aþ 9:67A � Ip� 1:85A � Uoþ 5:4A2 � 2:9Ip

þ 4:96Ip2 ð15Þ

Sv ¼ 3:4þ 3022A � Er3 � 26:94Ip � Uo � Er � 31:0Uo

þ 106:7Uo2 � 111:0Uo3 þ 2122Er4 ð16Þ
4. Conclusions

This research presents three models using three (AI) techniques
(GP, ANN and EPR) to predict values of both Erodibility (Er) and Vol-
umetric Stability (Sv) using the measured Ash Proportion (A), Plastic-
ity index (Ip) and Unconfined compressive strength of soil air‐cured
for 28 days (Uo). The results of comparing the accuracies of the devel-
oped models could be concluded in the following points:

• Prediction accuracies of (Er) for all models are so close (between
92.7% and 94.9%) which gives an advantage to the simplest model
(EPR model), while the prediction accuracies of (Sv) are ranged
between 97.3% and 96.4% and the simplest model is the (GP)
model.

• The three developed models illustrated that (Sv) value is mainly
governed by (Uo) and (Er). On the other hand, the (GP) model
showed that the impact of (Ip) is neglected.

• Although the ANN model had very simple configurations (one hid-
den layer with two neurons & sigmoid activation function) but it
was still able to capture the relations between the inputs and the
outputs accurately. It almost shared the same accuracy level with
(GP) models.
Developed Eq. Performance Indices

SSE % R2

Eq. (3) 6.3 0.958
Eq. (5) 7.3 0.939
Eq. (15) 5.1 0.972
Eq. (4) 2.8 0.926
Eq. (10) 3.6 0.852
Eq. (16) 2.7 0.929



Fig. 3. Relation between predicted and calculated (Er) values using the developed models.
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• Regardless of the complexity of models, (EPR) models showed bet-
ter level of accuracy than both GP and ANN models.

• GA technique successfully reduced the 86 terms of conventional
PLR quadratic formula to only 7 terms without significant impact
on its accuracy.

• Like any other regression technique, the generated formulas are
valid within the considered range of parameter values, beyond this
range; the prediction accuracy should be verified.
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