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Abstract
In recent years, the use of geopolymer materials for ground improvement has increased with the growth in the construc-
tion sector. The lignite coal used in the thermal power plants in Turkey has low-calorie content. Thus, fly ash from these 
thermal power plants has high-lime content, making it unsuitable for cement production or as a cement additive material. 
Therefore, it is necessary to find different areas where fly ash can be utilised. In this study, the fly ashes of six power plants 
were tested to improve the properties of cohesive soil. The effects of fly ash along with the soil properties on improving the 
physicomechanical properties of the soil were examined with different mix designs. The effects of the curing period on the 
soil strength values were examined, and the unconfined compressive strength values of all mixtures were compared with 
those of the controlled specimens prepared with optimum water content. In the literature, seventeen various case studies on 
fly ash–soil remediation have been investigated. The data of this study and other studies were evaluated together, and mul-
tiple regression and artificial neural network analyses were performed to estimate the improved soil strength. Additionally, 
ternary contour diagrams were designed for assessing the fly ash–mixed soil strength using the physical and mechanical 
properties of the soil and fly ash.

Keywords Fly ash · Geopolymer · Clay · Sand · Ternary diagram

1 Introduction

Swelling in sub-grade soils is a significant problem because 
it causes surface cracks, heaves, and road foundation fail-
ure. One straightforward and conventional method is to 
remove the soft soil and replace it with gravel and crushed 
rocks. However, this process is not an economical method 
for eliminating swelling soils. Therefore, many stabilisa-
tion techniques have been developed to prevent the harm-
ful swelling soil effects beneath the structures. One such 
economical solution is the amelioration of on-site soil with 
additive materials, such as lime, fly ash, cement, and poly-
mer. Using fly ash to improve soils has a dual benefit: one is 
that it is the most economical process, and the other is that it 

eliminates the harmful power plant products without causing 
any environmental issues. Annually, more than 600 million 
tons of fly ash is produced worldwide. Thermal power plants 
in Turkey use approximately 55 million tons of lignite coal 
each year, and as a result, 16 million tons of fly ash is left to 
the natural environment as waste [1].

Further, the total amount of fly ash in landfills, ponds, 
and dams has reached approximately 100 million tons [2]. 
These figures increase daily worldwide (including Turkey) 
due to continually increasing energy demands. Moreover, 
the fly ash generated in Turkey exhibits high alkaline content 
because of the low-calorie lignite coal burned in thermal 
power plants. This makes fly ash unsuitable for concrete mix 
or cement production; thus, fly ash consumption has only 
reached 2%. Consequently, the introduction of new tech-
niques and approaches that consume fly ash is of significant 
importance for Turkey and the world.

A pozzolanic material containing a source of silica and 
alumina that is readily dissolved in solution acts as a source 
of geopolymer precursor species and lends itself to poly-
merisation [3–5]. Furthermore, fly ash particles can provide 
a sufficient range of divalent and trivalent cations under 
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ionised conditions promoting lumpiness in the dispersed 
clay. However, bituminous coals have low concentrations 
of calcium compounds, and the resulting Class “F” fly ash 
product exhibits no self-cementing characteristics [6]. Sub-
bituminous coals have higher calcium carbonate  (CaCO3) 
levels; therefore, the Class “C” fly ash produced during their 
combustion is rich in calcium, resulting in self-cementing 
characteristics. Since Class “C” fly ash is self-cementing, 
activators such as lime or Portland cement are not required. 
Upon exposure to water, the Class “C” fly ash hydrates form 
cementitious products similar to those produced during the 
hydration of Portland cement. This property makes self-
cementing fly ash a very efficient and economic stabilisation 
agent for use in various construction applications [7]. Few 
studies on fly ash and soil performance have alleged that 
Class “C” fly ash improves the physicomechanical proper-
ties of the mixed soils [7–12]. Fly ash is used to stabilise 
fine-grained soils so that a stable working platform can be 
provided for highway construction equipment [8, 13–15]. 
Additives with calcium oxide produce flocculation in the 
clay layers by the substitution of monovalent ions by  Ca2+ 
ions. This balances the clay layers electrostatic charge and 
reduces the electrochemical repulsion forces between them. 
The clay particle adhesion into flocks occurs, giving rise to 
soil with improved engineering properties: a more granular 
structure, less plasticity, higher permeability, and above all, 
lower expansion [7, 16–20].

The strength and stiffness enhancement of the fly ash–soil 
mixture can be categorised into two groups, short-term and 
long-term strength gain. The short-term strength gain of fly 
ash–soil mixture is usually attributed to the cation exchange 
process. When fly ash is added to the soil, fly ash particles 
react with moisture and start hydration. Due to hydration, 
large amounts of minerals, such as lime (CaO), anhydrite 
 (CaSO4), periclase (MgO), quartz, and tricalcium alumi-
nate, are dissolved; thus, the solution conductivity gradu-
ally increases [21]. Further, the presence of the  OH− ions 
produces an increase in the soil pH up to approximately 
twelve. Under these conditions, pozzolanic reactions occur 
when they form a part of the Si and Al clusters and lead 
to cementing compounds, such as combined  Ca2+, calcium 
silicate hydrates, and calcium aluminate hydrates [7, 19, 20, 
22]. The long-term strength of the stabilised soil is associ-
ated with curing time. The strength gain is attributed to the 
pozzolanic reactions. Generally, the pozzolanic reaction is 
slow and is slowed even further by the formation of a shell 
of calcium silicate hydrate (CSH) gel around the fly ash par-
ticles [21].

Fly ash cenospheres (FACs) are hollow alumino-silicate 
spheres created as residue from the coal-fired power plants. 
Due to their hollow nature, the particle density typically 
ranges from 600 to 900 kg/m3 [23, 24], making them suitable 
for producing lightweight composites [24]. However, this is 

not the only reason for explaining the usage of fly ash in con-
crete production as well as a soil-stabilising agent. The other 
reason for the preference of the fly ash is its cation exchange 
capacity (CEC). The divalent and trivalent cations of fly ash 
can promote clay particle flocculation [25].

Although many studies have been conducted on soil 
improvement with fly ash, this research area still has practi-
cality. Recent surveys have been on the prediction strength 
of the soil mixed with fly ash and cure period effects on 
physicomechanical properties because the behaviour of the 
sub-grade soil over long periods is significant for road stabi-
lisation and surface crack formation. In this study, the effects 
of fly ash additives, varying from 5 to 25%, on the physicom-
echanical properties of Yenikent/Ankara clay samples were 
determined by laboratory tests. Furthermore, to estimate the 
cured and one-day cured compressive strength of the soil 
mixed with fly ash, new ternary charts were designed using 
the test data of this study together with those of seventeen 
different case studies on soil stabilisation. The artificial neu-
ral network (ANN) method was used to determine missing 
data necessary for ternary chart development. The variables 
of ternary diagrams are fly ash content, liquid limit (LL), 
plastic limit (PL), clay activity (Ac), optimum water content 
(OMC), and maximum dry unit weight (MDD) of fly ashes.

2  Materials

In this study, a soil sample collected from the district of 
Ankara as well as six types of fly ash obtained from Yatağan 
(YFA), Çatalağzı (CFA), Seyitömer (SeFA), Orhaneli 
(OFA), Soma (SFA), and Tunçbilek (TFA) was used in the 
tests (Table 1).

2.1  Soil

For this study, the soil was taken from a construction site 
located at the Yenikent vicinity of Ankara city (Fig. 1). The 
sampling depths of the soil blocks were about three metres. 
The soil colour in the sampling area was light brown and 
grey. As to sieve analyses, it consists of 54% clay, 24% silt, 
7.4% sand, and 14.6% gravel-sized materials. Regarding 
index properties, it has a PL of 26.1%, LL of 83.1%, and 

Table 1  Power plants 
generating fly ashes used in 
tests

Power plants City of Turkey

Yatağan Denizli
Çatalağzı Zonguldak
Seyitömer Kütahya
Orhaneli Bursa
Soma Manisa
Tunçbilek Kütahya
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plasticity index (PI) of 57%. The soil sample was identified 
as “CH” by the unified soil classification system, and its 
activity is 0.95. Chemical analysis showed that its principal 
constituents are silica, aluminium, calcium, and iron oxides. 
The  SiO2,  Al2O3, and  Fe2O3 content of the soil sample is 
55.36%, 15.59%, and 7.41%, respectively (Table 2). Further-
more, the lime lens formation in the soil (Fig. 1) is the cause 
of the high calcium content (CaO: 13.27%).

2.2  Fly Ashes

The grain sizes of the fly ashes ranged from 0.002 to 0.2 mm 
(Fig. 2), and all types of fly ashes were classified as fine-
grained materials.

The CECs of these fly ashes were ranked from 1 to 
17.44, and their specific surface areas ranged from 0.094 to 
0.334 m2/g (Table 3). The silica content ranged from 25.68 to 
47.09%, and the calcium content ranged from 2.82 to 48.15%. 

0                  50cm

Fig. 1  Sampling area, white grains are the lime lens in the picture
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The SAF  (SiO2 + Al2O3 + Fe2O3) contents in YFA vary from 
39.40 to 84.86%. Moreover, SFA was classified as Class C fly 
ash. CFA and TFA have properties of Class F fly ash. Others 
do not fulfil the requirements of the ASTM C 618 standard 
[26].

3  Methods

Laboratory tests were conducted to determine the physi-
comechanical properties of the soil samples containing 
5–25% fly ash, which are to be used as variable param-
eters in the ternary diagrams. The samples were prepared 

by the rules of ASTM D7721 and ASTM D698 [28, 29]. 
In these standards, the soil at a selected moulding water 
content is placed in three layers into a mould (101.6 mm 
in diameter), with each layer compacted by 25 blows of 
a 2.5-kg hammer dropped from a distance of 30 cm. The 
resulting dry unit weight is determined. The procedure 
is repeated for an adequate number of moulding water 
contents to establish a relationship between the dry unit 
weight and the moulding water content for the soil. The 
compaction curve is plotted with the dry unit weight and 
water content values. The amounts of the highest dry unit 
weight and optimum moisture content are found from the 
compaction curve. After the OMC determination process, 
a premeasured quantity of fly ash has been mixed with 
dry soil and water (at an optimum value) thoroughly to 
produce a homogeneous fly ash–soil mixture.

Curing periods are more effective on the strength of 
fly ash–soil mix. In several studies, 14 and 28 days were 
selected as curing periods [12, 28, 30–36]. Therefore, 
28 days was preferred as the curing period in this study. The 
samples were covered with a stretch film after removal from 
the moulds to avoid moisture loss and were subsequently 
placed in a humidity room with a temperature of 21 °C and 
a relative humidity of 80% for a total of 28 days. Addition-
ally, the one-day cured samples were held in their moulds 
for 1 day.

The Atterberg limits of the mixed soil samples were 
tested by ASTM D4318 [37], and the PI values were calcu-
lated. The unconfined compressive strengths of the one-day 
and 28-day cured fly ash–mixed soil samples were tested 
by ASTM D2166 [38]. The changes in the OMC and MDD 
values with the addition of fly ash to the examples were 
investigated.

Table 2  Some properties of soil

Gs specific gravity, LL liquid limit, PL plastic limit, PI plasticity 
index, Ac clay activity, c cohesion, ϕ internal friction angle, and σu 
unconfined compressive strength

Clay soil

Physicomechanical properties Chemical composition

Gs 2.60 SiO2 (%) 55.36
LL (%) 83.1 Al2O3 (%) 15.59
PL (%) 26.1 Fe2O3 (%) 7.41
PI (%) 57 S + A + F (%) 65.5
Ac 0.95 CaO (%) 13.27
Clay (%) 54 MgO (%) 4.15
Silt (%) 24 SO3 (%) 0
Sand (%) 7.4 K2O (%) 2.36
Gravel (%) 14.6 Na2O (%) 1.86
Finer than no. 200 (%) 78
σu (kPa) 103

Fig. 2  Grain size distributions 
of fly ashes tested (The 0.045-
mm border is shown by the 
dashed blue line)
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Other studies based on stabilisation of soil using fly ash 
and including the same variables as this study were exam-
ined to improve the ANN dataset. Data from seventeen case 
studies including test results of Atterberg limit tests, Ac, 
OMC, MDD, and unconfined compression strength were 
collected from articles and together with data of this study 
were used as input parameters for ANN analysis (Table 4). 

4  Laboratory Test Results

The Atterberg limit tests were performed in the laboratory 
studies. Their PL values increase while LL values decrease 
with the fly ash addition (Fig. 3a, b). Consequently, the soil 
begins to exhibit plastic behaviour and low LL depending 
on the fly ash content. Furthermore, the PI values of the 
samples decreased from 57 to 32.6%. Therefore, the per-
formance comparison among the spectrum of mixed soils 
approaches that of sandy soils.

The Ac value of the Yenikent clay decreases with the 
amount of added fly ash (Fig. 4). This is another observa-
tion that shows an increase in the soil plasticity behaviour 
by the fly ash addition.

As the amount of fly ash increases, the OMC increases 
and MDD values decrease (Fig. 5). This state may be attrib-
uted to the fact that the fly ash has a water holding capac-
ity and low unit weight. The OMC value increases as the 
amount of fly ash used in the mix is increased (Fig. 5a). 
The ionic concentration had more effect when the fly ash 

concentration was low; however, when the fly ash content 
was high, the sedimentation behaviour was governed more 
by the fly ash particles than by the ionic concentration. An 
increase in the percentage of fly ash could cause an increase 
in the settling speed of fly ash kaolinite soil mixtures [47].

Furthermore, fly ash hydration increased the ionic 
strength, which changed the kaolinite from dispersed free 
settling to flocculated zone settling. Fly ash particles were 
found to collide with the kaolinite particles during settling 
and form large agglomerates; therefore, the settling rate of 
fly ash–soil mixture increased with the addition of fly ash 
[48]. Consequently, the diffuse double-layer (DDL) thick-
ness decreases with fly ash use and causes flocculation 
of clay particles. This flocculation generates a resistance 
against the compaction effort, causing an MDD reduction 
(Fig. 5b).

Further, fly ash particles behave as a binding material 
between soil particles (especially silt and sand grain size) 
and improve soil resistance. In this study, the increase in 
the uniaxial compressive strength (UCS) values of the soil 
samples was found to be due to the increased fly ash addi-
tion (Fig. 6). The curing time also affects the strength of 
the soil samples with fly ash. With time, fly ash shows 
increase binding capacity between soil particles, thereby 
increasing the soil strength.

The changes in the physicomechanical properties of the 
25% fly ash samples are presented in Table 5. The highest 
increase in PL values was seen in the OFA samples. The 
most considerable change in all other physical properties 

Table 3  Some properties of the fly ashes used in this test

YFA Yatağan, CFA Çatalağzı, SeFA Seyitömer, OFA Orhaneli, SFA Soma, TFA Tunçbilek, Gs specific gravity, SSA specific surface area, CEC 
cation exchange capacity, LOI loss on ignition
*CEC values obtained from the project of TUBITAK [27]

Physicomechanical properties YFA CFA SeFA OFA SFA TFA ASTM C618 limits 
(Class C)

ASTM C618 
limits (Class 
F)

Gs 2.35 2.1 2.1 2.4 1.98 1.97
SSA  (m2/g) 0.334 0.139 0.115 0.303 0.207 0.094
*CEC 2.61 1 2.21 5.01 17.44 1.4
Finer than no.200 (%) 67.72 80.27 75.39 83.02 98.09 84.6
Retained on 0.045 mm(%) 45.1 29.63 37.69 28.5 8.09 25.76 < 34 < 34
SiO2 37.19 44.66 44.12 25.68 33.33 47.09
Al2O3 24.79 30.56 21.01 5.78 19.61 22.42
Fe2O3 9.92 9.64 15.76 8.03 6.47 15.25
SiO2 + Al2O3 + Fe2O3 71.90 84.86 80.88 39.49 59.41 84.75 > 50 > 70
Na2O 0.62 0.71 1.47 0.16 0.39 0.67
K2O 4.75 8.23 3.78 0.64 2.16 3.59
MgO 3.10 3.29 5.88 5.78 1.76 6.73
CaO 18.39 2.82 7.35 48.15 35.29 3.81
SO3 1.24 0.09 0.63 5.78 0.98 0.45 < 5.0 < 5.0
LOI 1.1 1.12 3.05 1.7 2.7 2.1 < 6.0 < 6.0
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was observed in the SFA mixture. The soil samples con-
taining 25% SFA increased 547.4% in unconfined com-
pressive strength values and 892.8% in the 28-day cured 
specimens.

5  Multiple Linear Regression

Regression analysis involves multiple regressor variable states 
in many applications. The regression model that includes more 
than one regressor variable is called a multiple linear regres-
sion (MLR) model [49] and is represented in Eq. 1: 

The MLR analyses were performed using the soil 
physical property data determined in this study and of 
seventeen other studies in the literature. The statistical 
evaluation of the variables used in the MLR analyses is 
presented in Table 6. The fly ash values vary from 0 to 
100%. The least standard deviation, as well as coefficient 
of variance, was shown by the MDD values. The high-
est ratio of variation belongs to the Ac values. However, 
the highest difference was observed in the UCS28 data. 
The UCS of the one-day cured samples ranges from 25 
to 410 kPa, and the values of the cured samples varied 
between 27.8 and 622.3 kPa.

The model equations, composed of all variables used 
for predicting the one-day and 28-day cured examples, are 
given in Table 7. The UCS values of the one-day cured soil 
samples were used in the analyses to estimate the strength 
values of the soil samples cured for 28 days.
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The correlation coefficients of multiple regression anal-
yses made for estimating the UCS values of the one-day 
cured samples were relatively lower. However, the strength 
predictive analysis correlation coefficient of 28-day cured 
specimens was higher because the one-day cured UCS val-
ues were also used in these analyses (Table 8).

In this study, ternary diagrams were designed for 
the estimation of unconfined strength of soil samples 
mixed with fly ash. Ternary graphs are used to evaluate 
soil strength by using three different variables. Multiple 
regression analyses were performed in triplicate sets to 

investigate the relationships between variables used in the 
design of the ternary diagrams. The variables of fly ash 
content, PL, and MDD achieved the highest correlation 
coefficients than other triplets (Table 9).

The same analyses were tested on the triplets to predict 
the strength of the 28-day cured soil samples mixed with 
fly ash. The significance levels of the triplets showed high 
values when one-day cured UCS1 values were added to the 
list of variables (Table 10).

Further examinations were made to find the most effi-
cient triplet variables for predicting UCS1 and UCS28. The 
standardised beta coefficient-dependent variable compares 
the power of each independent variable (Figs. 7, 8). The high 
absolute value of the beta coefficient has a dominant effect. 
For instance, a beta of 0.89 of UCS1 has a stronger impact 
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Table 5  Changes in the physical 
and mechanical behaviour of 
soil samples containing 25% fly 
ash (the negative values indicate 
a decrease)

ΔLL difference in liquid limit, ΔPL difference in plastic limit, ΔPI changes in plasticity index, ΔAc changes 
in clay activity, ΔOMC optimum water content, ΔMDD changes in the maximum dry density, ΔUCS1 uni-
axial compressive strength of the one-day cured samples, and ΔUCS28 compressive strength of the 28-day 
cured fly ash–soil mix

Fly ash type % Variation in geomechanical properties

ΔLL ΔPL ΔPI ΔAc ΔOMC ΔMDD ΔUCS1 ΔUCS28

YFA − 17.8 22.4 − 36.2 − 36.2 30.5 − 16.1 364.1 490.0
CFA − 24.2 17.1 − 43.1 − 42.9 18.9 − 23.6 354.4 607.7
SeFA − 17.9 15.1 − 33.0 − 32.4 21.6 − 16.2 347.6 648.1
OFA − 16.6 14.2 − 30.7 − 30.5 10.9 − 4.3 310.7 502.8
SFA − 13.6 16.8 − 27.5 − 26.7 39.3 − 23.8 547.4 892.8
TFA − 9.7 29.5 − 27.8 − 27.6 17.8 − 5.4 313.6 351.0

Table 6  Statistical evaluation 
of the variables (including 
seventeen studies from the 
literature)

FA fly ash, LL liquid limit, PL plastic limit, Ac clay activity, OMC optimum water content, MDD the maxi-
mum dry density, UCS1 uniaxial compressive strength of the one-day cured samples, UCS28 compressive 
strength of the 28-day cured fly ash–soil mix, x̄ mean, σ standard deviation, CoV coefficient of variance, 
and n number of tests

Variables Min Max x̄ σ CoV(%) n

FA (%) 0 100 17 – – 122
PL (%) 9.25 63.4 30.09 11.36 37.8 122
LL (%) 24 228 65.23 29.44 45.1 122
Ac 0.13 2.11 0.63 0.37 57.8 122
OMC (%) 12.0 40.98 25.08 6.96 27.7 122
MDD (kN/m3) 12.0 20.01 14.62 1.68 11.5 122
UCS1 (kPa) 25 410 216 91.37 42.3 122
UCS28 (kPa) 27.8 622.3 300.9 127.8 42.5 122

Table 7  Model equations

FA fly ash%, LL liquid limit%, PL plastic limit%, Ac clay activity, OMC optimum water content%, and 
MDD maximum dry unit weight (kN/m3)

Model no. Equation

1 UCS1 = 1009.18 − 2.92*FA − 0.12*LL + 0.38*PL − 85.94*Ac − 5.57*OMC − 37.86*MDD
2 UCS28 = 1476.85 − 3.81*FA − 0.93*LL + 1.01*PL − 56.61*Ac − 7.38*OMC − 58.89*MDD
3 UCS28 = 221.15 − 0.18*FA − 0.77*LL + 0.54*PL + 50.33*Ac − 0.45*OMC − 11.78*MDD 

+ 1.24*UCS1

Table 8  Variables and the 
goodness of fit statistics

FA fly ash, LL liquid limit, PL plastic limit, Ac clay activity, OMC optimum water content, and MDD maxi-
mum dry unit weight, UCS1 compressive strength of the one-day cured fly ash–soil mix and R2 correlation 
coefficient, UCS28 compressive strength of 28-day cured fly ash–soil mix, MAPE mean absolute percent-
age error, RMSE root mean square error

Model no. Parameters R2 MAPE RMSE Estimated

1 FA, LL, PL,  Ac, OMC, and MDD 0.52 40.342 65.002 UCS1
2 FA, LL, PL,  Ac, OMC, and MDD 0.5 43.106 92.782 UCS28
3 FA, LL, PL,  Ac, OMC, MDD, and UCS1 0.88 12.501 45.66 UCS28
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than a beta of 0.144 of PL (Fig. 8). Standard beta coefficients 
have a standard deviation as a unit. The meaning of those 
variables can easily be compared with each other. In regres-
sion analysis, different groups and different scales are used, 
and each coefficient can be compared to the relative signifi-
cance of the factors to standardise. Betas are determined by 
subtracting the mean from the variable and dividing by its 
standard deviation [50].

The PL and MDD betas showed significant effects on 
the UCS1 estimation (Fig. 7). Furthermore, the highest beta 
value belongs to UCS1 in the forecasting analysis of UCS28 
(Fig. 8). As to standardised coefficients, the pair of PL and 
MDD was selected to estimate UCS1, and the coupling of 
PL and UCS1 was designated as predictive variables for 
UCS28 prediction.

The correlation values (r) obtained from multiple regres-
sions (MLR) have not qualified for estimating the compres-
sive strength values of one-day cured samples. Due to the 
low MLR correlation values and that ANN techniques are a 
better and more efficient fitting technique than MLR, ANN 

analyses were tested to estimate the UCS values of the one-
day and 28-day cured soil specimens mixed with fly ash.

6  ANN Analyses

A neural network is an information processing system con-
sisting of simple, highly connected nodes or processing ele-
ments with dynamic state response to external inputs [51]. 
The purpose of the neural network is to map a set of input 
patterns to the set of corresponding output models [52]. 
Neurocomputing architecture can be built into physical (or 
computational) hardware or neural software languages (or 
programs) that can think and act like humans [53]. Fur-
thermore, there are many training algorithms, such as fast 
propagation, conjugate gradient descent, quasi-Newton, 
Levenberg–Marquardt, and backpropagation. However, the 
backpropagation method is the most commonly used algo-
rithm in practical applications [54]. Backpropagation neural 
networks (BPNNs) have a layered structure with an input 

Table 9  Relationship between 
the variables and UCS of the 
one-day cured samples

R2 correlation coefficient

FA LL PL Ac MDD OMC R2

x x x 0.247
x x x 0.225
x x x 0.166
x x x 0.167
x x x 0.225
x x x 0.404
x x x 0.361
x x x 0.406
x x x 0.304

Table 10  Relationship between 
the variables and UCS of the 
28-day cured samples

FA fly ash, LL liquid limit, PL plastic limit, Ac clay activity, OMC optimum water content, and MDD maxi-
mum dry unit weight, UCS1 compressive strength of the one-day cured fly ash–soil mix, and R2 correlation 
coefficient

FA LL PL Ac MDD OMC UCS1 R2

x x x 0.864
x x x 0.864
x x x 0.867
x x x 0.872
x x x 0.865
x x x 0.139
x x x 0.137
x x x 0.167
x x x 0.388
x x x 0.333
x x x 0.388
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layer and output layer, and one or more hidden layers. Fur-
ther, reproduction takes place from the input layer to the 
output layer and compares the network outputs to known 
targets [55]. The learning process changes these weights by 
including the difference between the predicted and actual 

values in the matched output [56]. Each link is weighted; 
when the network is given a set of inputs, the associated rela-
tionships can be set to produce the desired output. Placing 
this weight to provide a specific output is called “training” 
and is the mechanism by which this system learns [57]. As 
implemented by [58], the desired limit uses a logistic activa-
tion function [0,1] for output transfer (Eq. 2):

Furthermore, the learning rate and momentum coefficient 
are two critical parameters that control the neural network 
training of the backpropagation algorithm. The learning rate 
is a positive constant that controls the rate at which new 
weight factors are set based on the calculated grade correc-
tion term. The momentum coefficient is an additional weight 
added to the weight factors and accelerates the adjustment 
rate of these weight factors [52].

Oscillation problems arise when a high value is assigned 
to the learning rate. However, small amounts lead to 
extended learning time. In the literature, values ranging 
from  10−3 to 10 have been reported to be successful in 
many computational backpropagation experiments [59]. The 
momentum coefficient also influences learning performance, 
which is defined as the sum of the exact ratio of the previ-
ous variation and the new change amount in the iteration. If 
this value is significant, a solution will be difficult to reach, 
and if it is small, it is difficult to eliminate a local solution. 
Many researchers suggested values between 0.5 and 0.8. 
Data scaling is an essential step in network training. One of 
the reasons for pre-processing the output data is the use of 
a sigmoidal transfer function in the network. The upper and 
lower limits of the output from the sigmoid transfer func-
tion are usually one and zero, respectively [60, 61]. Scaling 
the entries to the range [− 1, + 1] improves the learning rate 
dramatically because these values fall into the region of the 
sigmoid transfer function that is most sensitive to variants of 
the input values to the outputs [60]. The type of data scaling 
depends on the data distribution. A simple linear normalisa-
tion function for the values of 0–1 is shown as (Eq. 3):

where Vn is the normalised value, Vmin and Vmax are the 
minimum and maximum values, and Vs is the source (de-
normalised) value.

The ANN analyses were tested using all variables to 
estimate the unconfined strength of one-day cured samples. 
Before examination, the data files were divided into two 
groups: the first set is used as a test set contained 70% of the 
data, and the second set is used as a validation set consisting 
of 30% of the data. The percentage of training data should 
be kept high to find the correct solution. For this reason, the 
partition ratio for this cluster was defined as 70%. Moreover, 
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the data from all the sets were randomly selected from the 
data list, and Eq. 2 was used to normalise the data.

In the neural model, a flexible backpropagation (Rprop) 
learning algorithm with five neurons was used in the hid-
den layer. Six parameters were selected in the input layer: 
FA, PL, LL, Ac, MDD, and OMC (Fig. 9a). The unconfined 
strength values (UCS1) of one-day cured samples were also 
selected in the output layer. Finally, they successfully pre-
dicted the output data. The RMSE value of the test proce-
dure was found to be 48.32. Similarly, the correlation coef-
ficient (R2 = 0.636) indicated the accuracy of the predicted 
model (Fig. 9b).

Furthermore, the same ANN method and the number of 
neurons were used to estimate the strength of the 28-day 
cured samples (Fig. 10a, b). For test data, the RMSE value 
was calculated as 49.52 and the R2 value between the actual 
and predicted data was 0.638.

Low RMSE (for testing data: 29.55) as well as rela-
tively higher correlation coefficient value (R2 = 0.826) was 
obtained when the UCS1 variant was used to estimate the 
strength of the 28-day cured specimens (Fig. 11a, b). One-
day cured specimen strength (UCS1) is an essential param-
eter in assessing the unconfined strength of cured samples 
(UCS28).

Neural networks are typically arranged in layers con-
sisting of a series of interconnected ``nodes’’ that contain 
an ``activation function’’. The patterns are applied to the 
network through an ``input layer’’ that communicates with 
one or more ``hidden layers’’ through which the actual pro-
cessing is performed via a weighted ``links’’ system. Most 
ANNs include a sort of “learning rule” that changes the 
weights of links according to the input models provided. 
Although there are many different learning rules used by 
neural networks, this study is only about one: delta rule. The 

Fig. 9  a Neural network model 
for the estimation of UCS. 
b The relationship between 
predicted data of unconfined 
compressive strength of FA 
mixed soil and test data (FA 
fly ash, LL liquid limit, PL 
plastic limit, Ac clay activity, 
OMC optimum water content, 
and MDD maximum dry unit 
weight, UCS1 compressive 
strength of the one-day cured fly 
ash–soil mix)
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Fig. 10  a Network of the train-
ing data and b the relationship 
between real and predicted data 
of the 28-day cured samples 
mixed FA (without UCS1 
variable) (FA fly ash, LL liquid 
limit, PL plastic limit, Ac clay 
activity, OMC optimum water 
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delta rule is usually used by the most common YSA class 
BPNNs. For other types of backpropagation, “learning” is a 
controlled process that occurs when the outputs are moved 
forward in each cycle or at the time when the network is pre-
sented with a new entry model and by backward propagation 
of weight settings.

The hidden layers are required when the neural net-
work needs to understand something that is complex, con-
textual, or unclear, such as image recognition. “Deep” 
learning comes from having many hidden layers. These 
layers are known as “hidden” because they cannot be seen 
as network outflows. The synapses take the input and 
multiply it by a “weight” (the “strength” of the input in 
the output determination). The neurons add the output 
from all synapses and apply an activation function. Train-
ing a neural network means calibrating all the “weights” 
by repeating two basic steps, forward propagation and 
backpropagation. In forward propagation, the input data 

are applied to a set of weights and outputs. For the first 
forward propagation, the weight set is selected randomly. 
Neural networks repeat both forward and backward propa-
gation until the weights are calibrated to accurately pre-
dict an output. The calculation of the incremental change 
in these weights takes place in two steps: (1) the subtrac-
tion of the difference of weights by multiplying the cumu-
lative output of the delta output by the cumulative output 
(called the delta output) and (2) find the error margin of 
the output result. At the end of iterations, the weights of 
a network, including five neurons, were determined for 
estimating UCS1 (Table 11). 

The weights and intercepts of the network for estimat-
ing the strength of cured samples (UCS28) were calcu-
lated and are presented in Tables 12 and 13. The UCS1 
was used as a predictive variable in the last ANN analyses 
(Table 13) for estimating UCS28.

Fig. 11  a Network of the test 
data and b the relationship 
between real and predicted data 
of the 28-day cured samples 
mixed FA (within UCS1 
variable) (FA fly ash, LL liquid 
limit, PL plastic limit, Ac clay 
activity, OMC optimum water 
content, and MDD maximum 
dry unit weight, UCS1 compres-
sive strength of the one-day 
cured fly ash–soil mix)
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Table 11  Weights of the 
artificial network for one-day 
cured samples strength (UCS1)

FA fly ash, LL liquid limit, PL plastic limit, Ac clay activity, OMC optimum water content, MDD maxi-
mum dry density, UCS1 uniaxial compressive strength of the one-day cured sample, UCS28 compressive 
strength of the 28-day cured fly ash–soil mix

Weights of/
neuron no.

1 2 3 4 5

Intercept 0.481 0.113 − 0.969 3.477 − 5.946
FA − 0.294 − 1.977 − 3.837 6.029  4.586
PL 2.429 1.180 − 1.431 − 5.187  21.926
LL − 1.956 0.269 0.001 − 8.862 − 0.997
Ac 2.916 − 1.779 2.898 1.395  5.243
MDD − 7.117 − 0.394 − 4.642 16.713  3.081
OMC 0.309 − 1.818 − 0.026 0.846  5.777 Intercept
To UCS1 0.749 2.031 0.708 0.845 − 0.990 − 0.288



8212 Arabian Journal for Science and Engineering (2020) 45:8199–8217

1 3

7  Ternary Diagrams

A ternary plot or triangle graph is a barycentric graph of 
three variables that sum to a constant. The ratios of the three 
variables are equilateral triangular locations as a graph. It 
is used to show the compositions of systems used in physi-
cal chemistry, petrology, mineralogy, metallurgy, and other 

physical sciences. In a ternary plot, the proportions of the 
three variables a, b, and c must sum up to some constant 
K, which is defined as 1.0 or 100%. As a + b + c = K for all 
the items in the graph, no variable is independent of the 
others. Therefore, only two variables must be known to 
find a sample point in the chart: for example, c must be 
equal to K − a − b. The three proportions cannot change 

Table 12  Weights of the 
artificial network for cured 
samples strength (UCS28)

FA fly ash, LL liquid limit, PL plastic limit, Ac clay activity, OMC optimum water content, MDD the maxi-
mum dry density, UCS1 uniaxial compressive strength of the one-day cured sample, UCS28 compressive 
strength of the 28-day cured fly ash–soil mix

Weights of/neuron no. 1 2 3 4 5

Intercept − 5.013 − 1.738 0.511 − 0.434 − 1.341
FA 10.593 0.533 − 0.229 − 4.314 − 11.488
PL 6.087 2.268 − 1.256 14.478 42.432
LL − 15.495 − 2.758 − 4.158 − 0.800 − 12.422
Ac − 7.957 − 0.730 0.109 − 1.166 3.283
MDD 1.594 − 0.484 − 1.475 − 2.162 − 8.759
OMC 13.026 0.736 0.848 0.617 6.020 Intercept
To UCS28 − 0.709 1.717 1.581 1.687 − 1.264 − 0.342

Table 13  Weights of the 
artificial network for cured 
samples strength (UCS28) with 
UCS1

FA fly ash, LL liquid limit, PL plastic limit, Ac clay activity, OMC optimum water content, MDD the maxi-
mum dry density, UCS1 uniaxial compressive strength of the one-day cured samples, UCS28 compressive 
strength of the 28-day cured fly ash–soil mix

Weights of/neuron no. 1 2 3 4 5

Intercept 1.302 1.505 0.847 − 0.282 − 2.220
FA − 1.998 − 0.153 2.807 2.358 3.950
PL − 0.443 0.451 − 1.989 − 1.394 2.884
LL − 0.441 2.910 − 3.396 − 0.233 4.642
Ac − 0.778 34.939 0.096 0.567 5.634
MDD − 0.955 4.743 − 0.418 − 0.229 − 5.784
OMC − 1.345 7.355 − 0.863 0.044 1.190
UCS1 − 2.769 − 4.957 1.595 − 2.274 − 0.534 Intercept
To UCS28 − 0.127 1.129 0.872 − 1.406 0.283 − 0.966
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Fig. 12  Ternary plot explanation. a Example ternary diagram without any points plotted, b showing increases along the first axis and c present-
ing increments along the third axis
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independently. There are only two degrees of freedom, and 
it is possible to plot. The advantage of using a triple plot 
to describe the compositions is that the three variables can 
easily be plotted in a two-dimensional plot. Triplets can also 
be used to generate phase diagrams by summarising form 
regions on a line containing different aspects. Each point on 
the triplet represents a distinct combination of the three com-
ponents. As shown in Fig. 12, the percentage of a particular 
creep decreases linearly with increasing distance from this 
corner. Fine lines can be created to quickly estimate the con-
tent of a range by drawing lines parallel at regular intervals 
(as seen in the images) between the zero edge and corner.

The ANN analyses were utilised to create the triangular 
diagrams. When the triangular diagrams are constructed, 
the sum of the x, y, and z components of a point on the 
abacus must be one or 100. One- and 28-day strengths of 
the fly ash–soil mixtures were estimated for each aspect of 
the abacus by the ANN software using triple changers. The 
image showing the ternary chart plots is shown in Fig. 13. 
A contour graph was created by combining the points of 
the ternary graph. MATLAB 2016 software [62] was used 
for forming the ternary contour diagrams.

A triplet was constructed according to the signifi-
cance of the variables, and the triangular abacus was 

developed. The MDD and PL variables having a high 
significance level were chosen for the first trilateration. 
The maximum and minimum values of variables were 
used as axis limiters in the ternary charts (Fig. 14). The 
linear relationship between the strength and observed 
values of the one-day cured specimens estimated in the 
ternary diagram was determined. The correlation coef-
ficient (R2) between the predicted and the original data 
is 0.60 (Fig. 15).

Other triplets were designed for estimating the com-
pressive strengths of the 28-day cured samples. The 
first ternary chart consisted of the UCS values of one-
day cured samples (UCS1) and the PL values of soils 
(Fig. 16). The maximum strength values of the 28-day 
cured samples gathered around 22% fly ash content and 
21% of PL. Sometimes, three values are not shown as 
a triple junction on the chart. In this case, the UCS1 
and FA values must be used for estimating the UCS28 
of the samples first. The PL value can be used if the 
UCS1 value was located at the corner. The predicted 
data obtained from the ternary graph were compared 
with the original data (Fig. 17). It has presented a rea-
sonable result (R2 = 0.84).

Fig. 13  Example displays of the 
ternary plots
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8  Conclusions

The following conclusions were drawn based on the work 
reported in this study:

(1) The MDD values of the soil samples decreased from 
4 to 23% depending on the fly ash content. The reason 
is that the fly ash density is low, and the unit weight 
value of the mixture decreases with the increased fly 
ash content in the soil as well as the DDL thickness 
decreasing with the use of fly ash, causing clay particle 
flocculation. This flocculation generates a resistance 
against the compaction effort, which causes an MDD 
reduction.

(2) The fly ash addition affected the strength and physi-
cal properties of the soil in a positive direction. The 
maximum strength increase was determined in the sam-

Fig. 14  Ternary diagram for estimating unconfined compressive strength by using data of the max dry unit weight of Proctor test (MDD) fly ash 
content (FA) and PL

0

100

200

300

400

500

0 100 200 300 400 500

U
C

S1
 (k

Pa
)

Pred.(UCS1) (kPa)
Model Conf. interval (Mean 95%)
Conf. interval (Obs 95%)

R² = 0.6
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the real data and that predicted for UCS1
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ples with SFAs (547.4%) and the least improvement in 
strength with OFAs (310.7%).

(3) The dataset in this study was evaluated together with 
those from seventeen other studies in the literature. The 
physical and mechanical properties for samples with 
0–100% fly ash content were assessed. Using the Atter-
berg limit values, proctor test results, and UCS values 
of the fly ash samples, an attempt was made to estimate 
the resistance values of the cured and one-day cured 
samples of the fly ash samples by multiple regression 
and ANN analyses. In MLR, the predictive value of 
the correlation coefficient (R2) of the one-day cured 
specimens was 0.52. The highest correlation (R2 = 0.88) 
in the strength prediction equations of 28-day cured 
samples was observed in the MLR analyses, in which 
the durability values of the one-day cured samples were 
used as variables.

(4) The ANN analyses were performed because the correla-
tion coefficients of the prediction equations in the MLR 

Fig. 16  Ternary chart for estimating the unconfined compressive strength of the 28-day cured samples using UCS1 and PL data
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determination are low. Furthermore, the neural weights 
of ANN analyses, which gave the highest correlation, 
were determined.

(5) The estimated UCS values, obtained using the ternary 
prediction graphs, were compared with the actual data, 
and the estimation capacity of the ternary diagrams was 
evaluated. The correlation coefficient (R2) between the 
original data and values estimated from a ternary graph 
of the one-day cured specimens is 0.6. Further, the esti-
mation of 28-day cured samples showed R2 = 0.84.
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