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Abstract: The study aims to develop a reliable model using gene-expression programming (GEP)
technique for estimating the unconfined compressive strength (LUCS) of soil stabilization by cement
and fly ash. The model considered the effects of several parameters, including the fly ash characteris-
tics such as calcium oxide (CaO) content, CaO/SiO; ratio, and loss of ignition. The research results
show that the proposed model demonstrates superior performance with a high correlation coefficient
(R > 0.955) and low errors. Therefore, the model could be confidently applied in practice for a variety
of fly ash qualities. Besides, the parametric study was conducted to examine the effect of fly ash
characteristics on the strength of soil stabilization. The study indicates that if the fly ash contains a
high amount of calcium oxide, the strength of fly ash stabilized soil is significant. In addition, fly
ash could be used in combination with cement to increase the strength of the mixture. A fly ash
replacement ratio is suggested from 0.19 to 0.35, corresponding to the total binder used from 10% to
30%. The research findings could help engineers in optimizing the fly ash proportion and estimating
the UCS of soil stabilization by cement and fly ash.

Keywords: fly ash stabilized soil; gene-expression programming; unconfined compressive strength;
parametric study; fly ash replacement ratio

1. Introduction

In 2020, the world consumed approximately 7182 million tonnes of coal per year [1].
Australia is one of ten countries consuming a high amount of coal. Currently, energy
coming from coal shares 27.82% of energy in Australia [2]. Hence, a large amount of coal
waste needs to solve. In the past, most fly ashes (the main waste of coal ash) were released
into the atmosphere leading to air pollution. Recently, fly ash (FA) has been reused to
reduce disposal volumes and costs and replace non-renewable or expensive resources.
Most fly ash utilization has been used as a replacement material in construction [3,4].

In terms of grain size distribution, fly ash is classified as sandy silt to silty sand [5]. The
main chemical components of fly ash are silicon dioxide (SiO,), aluminum oxide (Al,O3),
and calcium oxide (CaO) [5]. Generally, fly ashes are classified into Class C and Class F
(ASTM C618). Besides, there are some off-specification fly ashes in the industry as they do
not meet the requirements of the classification. The cementitious components in fly ash
could react with water, hydration products, and other construction materials to enhance
the strength and stiffness of the mixture. Hence, fly ash has been used as a chemical binder
in soil stabilization or as a geopolymer material [6,7].

Calcium oxide content and CaO/SiO, ratio are the two important parameters rep-
resenting the characteristic of fly ash [8]. Furthermore, the loss of ignition (Lol), which
indicates the portion of unburned carbon and metallic oxides in fly ash, should be consid-
ered in concrete applications [9].
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There have been several studies on the properties of soil stabilization by fly ash.
Kolias et al. [10] used high calcium fly ash and cement to stabilize soils for pavement
application. Jongpradist et al. [11] conducted a study on cement-fly ash admixed Bangkok
clay at high water content. Fly ash Class F was used with and without cement to examine
the effect of binder content and water content on the UCS of stabilized soil. Moreover, a
proposed empirical prediction model based on modified Abram’s law was also provided.
Tastan et al. [8] illustrated the potential application of fly ashes on organic soil stabilization.
The effects of fly ash characteristics (CaO content and CaO/SiO, ratio), soil characteristics,
fly ash content, and water content were also evaluated. Wang et al. [12] studied the
effect of cement, lime, and fly ash on the strength of dredged sediments, where they
provide a linear function between deformation modulus and compressive strength. Besides,
the performance of stabilized soil by fly ash was compared with other binders, such as
cement, lime, and slag, in the studies of Kwan et al. [13], Horpibulsuk et al. [14], and
Abbey et al. [15].

Generally, the strength of soil stabilization by fly ash depends on the properties of
soil, the water content, the fly ash content, the added binder (cement or lime), the mixing
method, and the curing conditions [16]. When fly ash is used with cement, the fly ash to
cement ratio is an important parameter that normalizes the strength of stabilization material
and the construction cost. In addition, the quality of fly ash in different regions is varied.
Thus, it requires a huge amount of laboratory tests for each case of fly ash application.
Previously, some empirical prediction models were suggested for estimating the UCS of
soil stabilization by fly ash [11,12]. However, these models were developed based on a
small amount of data and considered a limited number of variables, so they could not be
applied for other fly ash types. Consequently, developing a reliable model considering the
effects of several significant factors, including fly ash characteristics, is urgent.

Gene-Expression Programming (GEP) is a kind of machine learning technique that
develops a solution to a problem by a computer program [17]. Recently, the GEP technique
has been applied to solve geotechnical engineering problems with high accuracy [18,19].
Many studies demonstrated that the GEP model is more efficient than traditional GP [20,21].
The GEP model is a robust, powerful, and accurate prediction tool. Moreover, the proposed
equations formulated from the GEP model are transparent and straightforward to use in
practice [20]. As a result, the GEP technique was applied to develop a UCS prediction
model and conduct a parametric study in this research.

The study examines the strength of the soil stabilization by cement and fly ash. Or-
dinary Portland cement (CEM I 42.5N) and fly ash with different characteristics are the
main chemical binders. Both wet and dry mixing methods are considered. The research
results apply for the UCS of stabilization material in the laboratory condition only. The
parametric study is conducted to examine the effect of fly ash characteristics on the UCS
of stabilized soil and find a reasonable fly ash replacement ratio. Within the scope of this
study, the effect of the chemical composition of the soil, such as the content of CaO and
SO42~, and pH of the soil, are excluded. The sample preparation processes, such as the
size and shape of the sample, the compaction and curing method, and the UCS testing
standard, are assumed to be similar.

2. Data Preparation

The data from reliable published journal articles were collected. Approximately
489 UCS results of soil stabilization by fly ash and cement were selected for generating a
GEP model. Table 1 shows the references of selected data. Stabilized soil specimens were
prepared following standard ASTM D1632 [22-24].
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Table 1. Sources of data.

Reference Nation Soil Type Binder Type Dataset
Tastan et al. [8] The United State CL Off-Specification Fly ash 66
and Cement Type I
Kolias et al. [10] Greece CL Off-Specification Fly ash 24
and Cement
Jongpradist et al. . Fly ash Type F and
[11] Thailand CcH Cement Type | 214
Fly ash Type F and
Wang et al. [12] France MH Cement Type I 12
Kwan et al. [13] Australia CH Off-Specification Fly ash 30
and Cement
Horpibulsuk et al. . Fly ash Type F and
[14] Thailand CH Cement Type I 63
The United CH,ML,  Off-Specification Fly ash
Abbey etal. [15] Kingdom MH and Cement 80

Note: CL, CH, ML, and MH are lean clay, fat clay, silt, and elastic silt, respectively.

The number of variables was chosen based on prior knowledge and several trials. As
a result, thirteen independent variables were considered in the model, including:

Group 1 represents the properties of soil: the plastic limit (PL), the liquid limit (LL),
the percentage of clay (Clay), the percentage of silt (Silt), the percentage of sand (Sand),
and the percentage of organic materials (Organic); (Note: some studies demonstrate that
organic could affect to the strength of fly ash stabilized soil [8]; hence, it was chosen in
the model).

Group 2 represents mixing and curing conditions: the total water content (Total water),
and the curing period (Age) (The total water content includes the natural water content in
the soil and the water used to mix with binders);

Group 3 represents the binder types and binder contents: the cement content (C) and
the fly ash content (FA);

Group 4 represents the characteristics of fly ash: the calcium oxide content in fly ash
(Ca0), the CaO/SiO; ratio in fly ash (CaO/5i0;), and the loss of ignition of fly ash (LoI).

Table 2 shows the statistical analysis, including the maximum, minimum, range, mean,
and standard deviation (SD) of input and output data. The maximum value of the total
water content is 265%, while the longest curing period is 270 days. The percentages of
cement and fly ash used are up to 36.8% and 30%, respectively. The highest UCS value is
approximately 4500 kPa. Several types of fly ashes are considered with the highest CaO
content of approximately 49%. It could be seen that the database represents a wide range of
parameters and considers the most influential factors that affect the UCS of stabilized soil.

Table 2. Statistical analysis of data.

Variables PL (%) LL(%) Clay (%) Silt(%) Sand (%) Or(g,,z;“c T"t"‘(lo/:;’ater
Maximum 53 119 70 74.7 75 27 265
Minimum 1 31 145 10 3 0 2
Range 52 88 55.5 64.7 72 27 243
Average 3340  88.65 37.30 35.60 27.10 1.86 135.99
SD 1171 30.84 16.16 16.46 20.25 5.75 69.10
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Table 2. Cont.

Variables (ﬁag;) C(%) FA(%) CaO (%) CaO/SiO, Lol(%)  UCS (kPa)
Maximum 271 36.8 30 48.97 2.46 49 4522
Minimum 3 0 0 1 0 0 14.24
Range 268 36.8 30 47.97 2.46 49 4508
Average 2570  12.04 14.37 12.82 038 7.22 510.34
SD 34.41 10.73 8.79 10.12 0.50 751 557.99

Note: SD is the standard deviation.

3. GEP-Based Model
3.1. Gene-Expression Programming

Gene-Expression Programming (GEP) is a branch of Genetic Programming (GP) [25].
GEP solution is expressed by expression trees (ETs). Each sub-ET includes several chromo-
somes, which are represented as tree-like structures. A linking function (such as addition,
subtraction, multiplication, or division) is used to connect sub-ETs [26]. The fitness function
(e.g., root mean square error) is used to evaluate each output [27].

The main elements of GEP are chromosomes, genes, and expression trees (ETs). The
GEP model is expressed by ET, which includes some sub-ETs (genes). Each gene contains
several chromosomes, while each chromosome could be an input variable, constant value,
or function [28]. Each GEP gene is composed of a head and a tail. The head of the gene
contains mathematical functions and terminal symbols, while the tail contains terminal
symbols such as constant values or variables [29]. Constant values are used to adjust the
equations in the model.

The main operators of GEP are selection, mutation, transposition, and crossover. These
operators are similar to GP; they allow the program to produce the next generation with
better fitness scores [27]. The explanation and detail of GEP structure, as well as its opera-
tors, could be accessible through the studies of Soleimani et al. [30], Gandomi et al. [31],
and Shahmansouri et al. [20].

In this study, the data were randomly divided into training, testing, and verifying
subsets by K-Fold Cross Validation (K = 20). Approximately 343 (70%) and 73 (15%) points
of data were used for developing a model (training and testing subsets). The remaining
73 (15%) points of data were used for independent verifying purposes.

GeneXpro Tools 5.0 [32] was applied to simulate the GEP model for predicting the
UCS of fly ash and cement stabilized soil. The model setting parameters were selected
based on the literature and trial runs. Finally, the model was developed with seven sub-ETs
and a maximum of 200 chromosomes for each gene. The addition function was used to
link sub-ETs. The maximum head length of each gene was 10. The root mean square
error (RMSE) was used as the fitness function to evaluate the solutions. Fourteen different
mathematical operators, including addition (+), subtraction (—), multiplication (*), division
(/), square root (4/), natural logarithm (In), power (?), inverse (1/x), exponential (exp),
addition with three inputs (x; + x + x3), subtraction with three inputs (x; — xp — x3),
multiplication with three inputs (x; * x2 * x3), and cube root (3/), were used for GEP
modeling. The maximum number of generations was 30,000. In the model, dy, dy, dz, d3, da,
ds, dg, dy, dg, dg, d19, d11, and d represent the plastic limit, the liquid limit, the percentage
of clay, the percentage of silt, the percentage of sand, the percentage of organic in the soil,
the total water content, the curing period, the cement content, the fly ash content, the CaO
content in fly ash, the CaO/SiO; ratio in fly ash, the loss of ignition of fly ash, respectively.
Table 3 summarizes the parameter setting in the model.
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Table 3. Parameter setting for the GEP modeling.

Parameter Value
Independent variables 13
Dependent variables 1
Chromosomes 200
Genes 7
Head size 10
Tail size 21
Gene size 52
Linking function Addition
Fitness function RMSE

3.2. Proposed UCS Prediction Model
Figure 1 shows the tree expression of the selected optimal GEP model with seven
sub-ETs. The mathematical formula obtained from the proposed GEP model is presented
as Equation (1). This formula is transparent and ready to use in practice.
> 12
UCS = (do.dy)'/2.(dy — dg — c18)/3 + da.d11. |:d7.(d9d322236 628)}

_ Y2 (dy+dy—dg—d ¢y
+d7.d12.(dti41) + dg. |:d2 + G55 7;jd8 2 11):| — % — 2cyg

+dy.dg.ds + 5d1 + d3 — ds — 6dg — 2d7 + 3dg + 4dg + d1g + d11 — 6d12 + 74

where: C18 = —17.103; Cy3 = —6.696; Cyg = —3.451; Crp = 6.617; Cs56 = 477.882; C74 = 8.646;
cy0 = —11.715; dg: PL (%); dq: LL (%); dy: Clay (%); d3: Silt (%); da: Sand (%); ds: Organic
(%); dg: Total water (%); d7: Age (days); ds: Cement (%); do: FA (%); d1g: CaO (%); d11:
CaO/SiOz; dlzi Lol (0/0).

The performance of the model is evaluated through the coefficient correlation (R),
root mean square error (RMSE), and mean absolute error (MAE). Figure 2a,b illustrate the
performance of the model in the training and testing phases. The coefficient correlations of
these phases are close and higher than 0.955. The root mean square error of the model is
less than 205 kPa, and the mean absolute error is smaller than 118 kPa. It indicates that the
model performs well with training and testing datasets.

The proposed GEP-based model was verified by the independent dataset. Figure 2¢
demonstrates that the predicted UCS is close to the measured data. The R-value, RMSE,
and MAE in the verifying phase are 0.98, 131 kPa, and 91 kPa, respectively. It illustrates
that the proposed GEP-based model is reliable and could be used for further application.
Table 4 shows the performance of the selected model in training, testing, verifying, and all
entire data.

Table 4. Performance of the proposed model.

Performance Training Testing Verifying Entire Data
R-value 0.955 0.963 0.980 0.961
R%-value 0912 0.927 0.960 0.924

RMSE (kPa) 156.4 204.6 131.1 161.2

MAE (kPa) 102.8 1184 914 103.4
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Sub-ET1

Sub-ET 4

Figure 1. Tree expression of the proposed GEP model.
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Figure 2. Performance of the proposed GEP model: (a) Training phase; (b) Testing phase; (c) Verifying phase; (d) Entire data.

Golbraikh and Tropsha [33] provided some criteria as the external validation models.
It is suggested that one of the slopes of regression lines (k or k') through the origin should
be approximately 1.0. Besides, the m and n indexes (performance indexes) should be lower
than 0.1. Moreover, the squared correlation of coefficients through the origin between
predicted and experimental values (R,? or R,'?) are recommended to be close to 1.0 [30,34].
Table 5 presents the results of these criteria. Consequently, the model satisfies the required
conditions and shows great performance with accurate predictive capability.

Table 6 illustrates the comparison among several numerical prediction models for
UCS of soil stabilization and the proposed GEP-based model in this research. It is obvious
that the prediction model in this study was generated based on a large volume of data
(489 data points), which were collected from many published test data in different regions.
In contrast, other published models were developed based on a small group of testing data
from a specific area. Therefore, that advantage brings distinguished results in comparison
with other models for predicting the UCS of stabilized soil.
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Table 5. Statistical parameters for the external validation of the selected GEP model.
Statistical Parameter Criteria GEP Model
k= f(o*P)/zoz 0.85 <k < 1.15 0.947
i=1
k= )n:(o xP;)/ Z p? 0.85 <k<1.15 1.011
i=1 i=1
RE=1-y (P-0° P, —P;
0 Z ( ) /,Zl( ) Close to 1 0.911
where 0% =K %0,
RZ=1- (0;—P° 0, -0;)°
0 ,'El( ! ! ) /igl( ! l) Close to 1 0.917
where Pl.0 =kx*P,
m = (R*—R3)/R? m<0.1 0.0136
n=(R>-R})/R? n<0.1 0.0076
Table 6. Performance comparison of prediction models.
Study Dataset Variables Method R-Value
Abbey et al. [15] 300 2 multiple regression 0.959
analyses
Shahmansouri et al. [20] 351 5 GEP 0.958
Sunitsakul et al. [35] 520 3 nonlinear mulfcl—varlable 0.867
regression
Saadat and Bayat [36] 75 3 non-linear regression 0.888
Tsuchida and Tang [37] 160 4 linear regression 0.80-0.99
This study 489 13 GEP 0.961

Furthermore, thirteen input variables in the suggested model are the main parameters
that affect the UCS result. Especially, the model not only considers the soil properties but
also investigates the effect of characteristics of fly ashes. As a result, the novel model is
unique and different from other previous models.

In summary, the GEP model yields straightforward formula considering the most
influential variables. In addition, the suggested model in this study is generated based on
a large database that represents a wide range of input parameters. Besides, the proposed
model could predict the target precisely with a high correlation of coefficient and low
errors. Hence, this evolutionary numerical equation can be applied confidently in practice.

4. Parametric Study
4.1. Effect of Binder Type and Binder Content

The UCS prediction formula from the GEP-based model (Equation (1)) is used to
examine the effect of fly ash characteristics on the UCS of stabilized soil. The examined
variable is changed within the range of its input, while the average values are kept constant
for other parameters.

The effects of binder type and binder content on the UCS of stabilized soil are illus-
trated in Figure 3. It can be seen that if the soil is treated by fly ash only, the strength
of stabilized soil is insignificant. In contrast, the strength of soil stabilization could be
enhanced remarkably by using cement. When combining cement and fly ash at the ra-
tio of 1:1, the strength of the stabilized soil is significant. For instance, when using 15%
cement and 15% fly ash, the strength of soil stabilization equals the case of using 21.5%
of cement only. It demonstrates that fly ash could be used along with cement to achieve
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a desirable strength, and it could save a reasonable amount of cement content for soil
stabilization purposes.

1200
—8—Fly ash
1000 i +Cement '
FA+C (1:1)

800 4
=
&
— 600 -
&
=

400 H

200 - W

O ] ] ] ]
5 10 15 20 25 30

Binder content (%)

Figure 3. Effect of binder type and binder content.

4.2. Effect of the Characteristics of Fly Ash

In geotechnical engineering applications, the characteristic of fly ash could be evalu-
ated by the CaO content and the CaO/SiO; ratio [8]. In this section, fly ash is examined as
the main binder to stabilize soil (FA = 20% and C = 0%). Figure 4 shows that increasing the
CaO content and CaO/SiO; ratio could improve the strength of stabilized soil.

320 320

240 A 240 4
5 =
g 160 A % 160 A
g 2
=3 =

80 A 80 A

0 T T 1 0 T T
10 20 30 40 50 0 0.5 1 15
CaO content (%) CaO/510,
(a) (b)

Figure 4. Effect of fly ash characteristics: (a) Effect of CaO content; (b) Effect of CaO/SiO;,

In soil stabilization product, calcium ion reacts with water, soil silica, and alumina to
form pozzolanic products [38]. Thus, a high proportion of CaO in fly ash could provide an
adequate cementitious component for pozzolanic reactions to form calcium silicate hydrate
and ettringite gels to blend soil particles and create a strong structure. The CaO/SiO; ratio
illustrates the content of CaO and SiO; in the fly ash. If that ratio is high, the strength of
stabilized soil is enhanced [39].
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4.3. Effect of Fly Ash Replacement Ratio

Fly ash replacement ratio (r) represents the percentage of cement replaced by fly ash
as the binder in the soil stabilization mixture. Figure 5 illustrates the effect of fly ash
replacement ratio on the UCS of soil stabilization. Three levels of total binder used (FA + C)
are 10%, 20%, and 30% (based on the mass of natural soil). It is evident that the UCS of
stabilized soil is decreased at different rates when the fly ash replacement ratio is increased.
Each curve could be divided into two phases: the primary phase and the secondary phase.
In the first part, the strength reduction is insignificant; while the second part shows the
significant strength reduction. The lines “t-t” and “s-s” are the tangent of the curves in
the primary phase and the secondary phase. They illustrate the strength reduction trends
of stabilized soil. The UCS of stabilized soil could be lower than the designed value if
too much cement is replaced by fly ash. Thus, it is significant to find a reasonable fly ash
replacement ratio (r*), at which the strength reduction is acceptable.

Fly ash replacement ratio

S g =t FA+C=30%
Primary phase — FA+C=20%
T i— *
7 FA+C=10%
s
0.01 0.10 1.00 10.00
In(r)

Figure 5. Effect of fly ash replacement ratio.

Table 7 shows the reasonable fly ash replacement ratio for each level of the total binder.
For instance, if the total binder used is 30%, the r*-value could be 0.35 (corresponding to
the cement content C* = 19.5% and the fly ash content FA* = 10.5%). At that replacement
ratio, the strength of stabilized soil could achieve 91% of the case using 30% cement only
(r = 0). If more fly ash is used to replace cement (r > 0.35), the strength of the material is
decreased significantly. For example, if fly ash is used to replace cement at the ratio of
r =1, the UCS achieves 76% of the case using 30% cement only. The reasonable fly ash
replacement ratio and strength reduction (UCS(rj)/UCS(r = 0)) when the total binder used
of 20% or 10% are also illustrated in Tables 7 and 8. As a result, the fly ash replacement
ratio is suggested from 0.19 to 0.35 when the total binder is from 10% to 30%. This finding
is valuable in practice as it helps consultants to optimize the strength of stabilized soil with
reasonable cement and fly ash contents.
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Table 7. Fly ash replacement ratio.

Total Binders (%) 30 20 10
r* 0.35 0.28 0.19

C* (%) 19.5 14.4 8.1

FA* (%) 105 5.6 1.9

Note: r* is the reasonable fly ash replacement ratio.

Table 8. Strength reduction.

Total Binders (%) 30 20 10
r=r* 0.91 0.88 0.84
r=1 0.76 0.67 0.59

5. Conclusions

The study applied the machine learning technique (GEP) to generate a reliable model
for estimating the UCS of soil stabilization. Approximately 489 UCS test data from pub-
lished research data on soil stabilization by cement and several types of FA were selected.
The prediction model not only considers the soil properties but also investigates the effect
of characteristics of fly ashes. The research results show that the proposed GEP-based
model performs well with high correlation coefficients (R > 0.955) and reasonable er-
rors (RMSE < 205 kPa and MAE < 118 kPa). That novel model could help engineers in
estimating the strength of soil stabilization by fly ash and cement for specific conditions.

The selected model was used to examine the effects of fly ash characteristics on the
UCS of stabilized soil. The parametric study demonstrates that:

e  For soil stabilization, fly ash could be used in combination with cement as a chemical
binder. It helps to reduce the amount of fly ash disposed of in the industry and
save costs.

e If the fly ash contains a high amount of CaO and CaO/SiO2 ratio, the strength of
stabilized soil is increased.

o  The suggested fly ash replacement ratio is from 0.19 to 0.35, corresponding to the total
binder used from 10 to 30%.

These findings are unique and significant. The research results help engineers to
choose suitable fly ash and cement contents and optimize the strength of the stabilized soil
by improving the characteristics of fly ash.

6. Notations

The following symbols are used in this paper:
C = cement;

ET = expression tree;

FA = fly ash;

GEP = Gene-expression programming;
GP = Genetic programming;

MAE = Mean Absolute Error;

r = fly ash replacement ratio;

R = coefficient correlation;

RMSE = Root Mean Square Error;

SD = standard deviation;

UCS = unconfined compressive strength.
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