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The California bearing ratio (CBR) as a widespread index is employed in Soil mechanics and geotechnical
structures such as bridge abutments, earth dams, highway embankments, and so on. Generally, this index can be
determined through laboratory or field tests. However, CBR determining procedure is time and cost-consuming.
Therefore, the present study represents different hybrid models established on Least Square Support Vector
Regression (LSSVR) combined with three meta-heuristic algorithms (namely, Arithmetic optimization algorithm,
Bald eagle search optimization, and Seagull Optimization Algorithm) to estimate CBR values in a way that is
cheap and quick to perform, and more accurate in solving real-world problems. 70% of developed hybrid models
were allocated to the train stage and remained 30% were defined as testing models. The impression of five
inputs (lime sludge percentage, lime percentage, maximum dry density, curing period, and optimum moisture
content) on the predicted CBR values were considered. Finally, to assess the accuracy of the two-category
created models, a comparison study between predicted and observed results is made by using five statistical
indexes. The observations have shown that LSBE (LSSVR combined with Bald Eagle search optimization) model
has strong potential for predicting the CBR.
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1. Introduction

CBR introduced as the ratio that defines correlation of the
resistance against the piercing of a piston in a compacted
soil with a specific velocity (1.27 mm/min) and in rock
with the same circumstances and the same penetration
depth [1]. To express differently, CBR is described as the
correlation between the applied stress, with fixed moisture
range, and the speed regulation to run down a standard
penetration piston to outreach the desired depth and the
resistance of squashed rock for the same penetration depth
value [1, 2]. CBR tests for both unsoaked and soaked condi-
tions of soil can be run in the laboratory or field according
to ASTM D 1883 - 99 (2003) and ASTM D 4429-93 (2003),

respectively [1, 3, 4]. The determination of the CBR in
both laboratory and field is time-consuming and costly or
the disturbance of samples may reduce the accuracy of
these measurements. as well as the incompetent techni-
cians testing the soil samples, thus, the construction work
progress is seriously affected [5-7]. Thus, prediction mod-
els are an economical and rapid solution to predict the
CBR. Several previous soundings have made efforts to
approximate the CBR based on soil parameters such as
maximum dry density (MDD), soil grain size, Atterberg’s
limits, etc. For instance, to predict the CBR of compacted
soil, a correlation was established between the CBR and
liquid limit and plasticity index [8]. Others used MDD,
optimum moisture content (OMC), and Plasticity Index (PI)
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and established a linear model for establishing a correlation
between CBR and those soil parameters of cohesive type
[9]. Furthermore, a vast number of previous works utilized
one-variable and multiple-variable regression approach
intending to approximate the CBR considering aforemen-
tioned primary parameters [10, 11]. However, all proposed
formulas neither have high accuracy in predicted results
nor have any generalized solution [1, 6].

Support vector machine (SVM), minimizes an upper
limit of the generalization error so it has a strong capability
for prediction and classification [12, 13]. Support vector
regression (SVR) as a nonlinear regression can relieve the
local minima and over-fitting issues thus its solution is glob-
ally optimum and enough stable. Least squares support
vector machine (LSSVM) was established by Suykens and
Vandewalle [14] to reduce the computational complexity.
least squares support vector regression (LSSVR) represents
one category of LSSVM which by resolving a system of
equations instead of quadratic programming improves the
speed of calculations significantly so it can be employed
as a prediction model in real-world problems [15]. For in-
stance, Rad and Ayubirad [16] used the LSSVR model con-
sidering Coupled Simulated Annealing (CSA) to establish
a nonlinear correlation between the compressive strength
of ultra-high-performance concrete and eight input factors.
The training and testing findings were assessed via the
coefficient of determination (Rz) and Root Mean Squared
Error (RMSE). They proved that ANNs and CSA-LSSVR
models are strongly capable of estimating the compressive
strength of UHPC.

Likewise, several hybrid techniques can get around the
drawbacks of linear models in estimating [17, 18]. In or-
der to demonstrate that hybrid models outperform single
models in terms of anticipated outcomes accuracy, Xue and
Wei [19] evaluated the findings of Least square support
vector machined (LSSVM) optimized using genetic algo-
rithm, Adaptive Neuro-Fuzzy Inference System (ANFIS),
Fuzzy Inference System (FIS), and Artificial Neural Net-
work (ANN). In another study, Lei et al. [20] evaluated six
swarm intelligence optimization techniques, including the
seagull optimization algorithm (SOA), which has the capac-
ity of two models without optimization in predicting uniax-
ial compressive strength, against several hybrid-developed
models created by neural networks. Furthermore, other au-
thors improved existing meta-heuristic algorithms such as
studies which are done by Agushaka and Ezugwu [21] and
Dhiman et al. [22] for arithmetic optimization and Seagull
Optimization Algorithms, respectively.

The summary of the major contribution of this research
is as follows:

e First, a representation of the dataset including 5 input
variables and the target value of CBR is presented.

* Secondly, in four discrete subsections, a description
of LSSVR as the main approach and three optimizers
along with their formulation has been presented.

¢ Then, the results of developed hybrid models in two
categories of training and testing part were evaluated
through five statistical indexes and the results were
examined according to the observed test results of CBR
expressed as various diagrams.

¢ Finally, all the results concluded and the model with
strong potential in predicting the CBR value is pro-
posed to be used in practical applications.

2. Materials and methodology

Dataset Description

In the current investigation influence of five various in-
put variables on the CBR value was taken into account.
The variables are namely: lime sludge percentage (LS (%)),
lime percentage (LI (%)), optimum moisture content (OMC
(%)), curing period (CP (day)), and maximum dry den-
sity (MDD(g/cc)). The dataset contains 73 samples [23].
The statistical properties including maximum, minimum,
average as well as standard deviation values related to
dependent input variables and CBR as the target and inde-
pendent variable are reported in Table 1. Fig. 1 shows the
histogram of used variables.

2.1. Least Square Support Vector Regression (LS-SVR)

Support vector machine (SVM) by Vapnik [13] is a powerful
learning approach employed for function approximation,
nonlinear classification, and density estimation for nonlin-
ear classification. SVM for regression (SVR) target is to
find the linear regression function in higher dimensional
space in such a way that the estimated function is as flat as
possible, also it deviates the least from training data [16].
In this case, {x;, y;};_1, . are given training dataset, and
the regression function is expressed as:

f(x)=Q%+d with QuxeR'& cR (1)

In most cases, the SVR algorithm transforms the input
dataset to a high-dimensional space because of the non-
linear correlation linking the input and output. Suppose
that ¢ is the mapping function that takes x of input space
and maps it to feature space. Therefore, linear predictors
in transformed feature space can be formulated as follows:

f(x) = Q%¢(x) +d )
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Table 1. The statistical measures of the data

L. . Dataset Components
Statistical Properties I IS cP OMC MDD CBR

Max. 20 15 139  32.65 45 156

Min. 0 0 1.14 13.7 4 22

Ave. 563 4931 1.242 24.058 24109 52.98
St. Dev. 4.029 5.803 0.058 3.88 15.872  34.387

the training data, becomes less than ¢, the e-SVR has been

used. In this case, the convex optimization problem with

the following constraints represents the problem of finding

Frequency
Frequency

the regression function:

' ’ | Ty [ yi— Q¢ (x;) —
O — 0 o r 7 P Yi— QY (x;) —d<e
7 : min 5 1€ { QY (x;)+d—y; <e ®)

L Regarding that, the existence of a f function with € ac-

curacy and the feasibility of convex optimization are not
guaranteed. ¢ and 0} as slack variables have been intro-

Frequency

duced. Finally, the convex optimization problem can be
reformulated as:
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10 20 4 L5 1.6 L7 1.8 l
h min 2 [Q|> + ¢ X 6+
*] | :u | Yi— QSl[J (x;)—d <e+¢; @)
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Here ¢ > 0, and it is the trade-off between tolerance
limit for deviations greater than € and the smoothness of
the function f.

The LS — SV M algorithm is an upgraded series of SVM,
adapting quadratic optimization problems into a set of

oL NN NN IENEENEEN W o —_— . - o
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: linear simple equations so it reduces the computational

Frequency
Frequency

problems [24, 25]. A simplified formulation is achieved by

solving the following problem using LSSVR:

|) - .. \)L | B[ 1 Q i
o OPC (%) ’ s N oMe ) min 2 H Q||2 + P} 2 eiz ©)
i=1

Such that Yy = QSIP (x,-) +d+ e,
Q) acts as a regulation parameter and e; represents the

trade-off between the evenness of the function and the

Frequency

minimization of training error. The obtained Lagrangian

function is as follows:

Lioes Q%2 v s
LF= QP+ 5 Y2 = Yoo (yi— Q9 (x) —d —e;)
2 23 i=1
(6)
Where, &; shows the Lagrangian multiplier. Moreover,

IS 20 25 30 35 M a5 S0
CBR (%)

Fig. 1. Histogram of used variables

dual and primal variables must be set to zero for solving

Here, Q and d show the weight vector of m-dimension the optimization issue.

and bias term, respectively. To find f(x) in a way that the OLF !
' ' =0— Q=Y ap(x) )
i=1

variance between the target and the function value, for all 00
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oLF !
W*O_xg“f*o (8)
oLF
agj =0—a; = Qe 9)
oLF
5o =02 Q% (x) td+e—y=0  (10)
1

The Lagrangian function is now modified using Q and
e to create the following linear system:

0 15 d 0
D aea )=V @
Where:

a=[a +ay,...,ar),

e=le +ez,...,eL]S,

A=VVS,

V=[p ), a), o ()l
y=l+y2.yl®
1=[1+1,...,1°.
Currently, the matrix A may be formed as Eq. (12) em-

7

ploying the kernel method, and the answer to Eq. (11) can
then be recast as Eq. (13).

M=y e (x) =K (uy) a2
T —1\—1
1 A+Q I)_ly 13)
1T (A+Q1) '
= (/\+Q_1I>71 (y — d1) (14)

RBF (vz) can be chosen as a kernel function correspond-
ing to an infinite-dimensional function space. Moreover,
employing achieved d and «, the optimal regression func-
tion can be expressed as:

flx)= t”‘iK (xi,x) +d (15)
i

2
K (x;,x) =exp <—|xlz;2x|> (16)

Where, v? is the kernel-squared bandwidth.

In the previous research, different optimum values have
been introduced for O and v2. For example, Hsu et al. [26]
suggested 1 and 1/K ( K is the number of input patterns)
for Q) and 02, respectively. Aiyer et al. [27] suggested trial
and error procedure which can be very time-consuming in
the case of Q) and 12 estimation while they can have any
positive real values. Thus, optimization methods can be
used to optimize these parameters for the LSSVR model.

2.2, Arithmetic optimization algorithm (AOA)

Arithmetic originates from number theory which is classi-
fied as one of the fundamental sections of modern mathe-
matics. Multiplication, Subtraction, Division, and Addition
operators as conventional calculation measures are used to
survey the numbers [28]. These basic operators are utilized
to present the greatest element subjected to particular mea-
sures from some group of solutions. The principal inspi-
ration for the Arithmetic optimization algorithm emerges
from utilizing AOs in solving Arithmetic problems. Gen-
erally, the optimization process in population-based algo-
rithms including AOA consists of exploration and exploita-
tion phases which refer to extensive coverage of defined
search space and accuracy improvement of obtained so-
lutions, respectively [29]. Three main phases of AOA are
presented in the subsequent parts.

2.2.1. Initialization phase

The beginning stage in the optimization procedure of AOA
is a random set of alternative solutions (X). In this case, the
greatest alternative in each time iteration is supposed to be
the optimum solution or in the range of its neighborhood.

X11 o X X1,n—-1 X1,n
lel e ... x2,] ... len
X =
XN-1,1 XN-1, XN-1,n
AN o XNj  XNn-1  XNpn

(17)

Before the AOA process starts, one of the exploration or
exploitation phases should be selected. So, the Math Op-
timizer Accelerated (MOA) function which represents the
function value at the ith iteration is computed by Eq. (18).

. Max — Min
MOA (Blter) = Min +B_Iter X <W> (18)

Where M_Iter is the maximum number of iterations and
1 < Bipger < M_Iter. Max is the maximum amount of
the accelerated function, and Min represents the minimum
value.

2.2.2. Exploration phase

The exploration search mechanism includes mathematical
computation via either Division (DO) or Multiplication
(MO) operators which got highly distributed values or
decisions. Thus, they cannot easily get nearer to the desired
outcome and they may just find a solution that is very
close to the best possible outcome after several iterations to
support the exploitation. Eq. (19) models two main search
strategies in the exploration phase and represents position
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updating equations:
X,',]‘ (B,Iter + 1) =

best (x;) + (MOP +¢) x ((UBj — LBj) x A+ LB;),r2 < 0.5
best (x;) x MOP x ((UBj — LB;) x A+ LB;), otherwise
(19)

Here, best (x]-) is the j th position in the current best
solution and x; ; (B— Iter )is the j th position of the ith solu-
tion. ¢ is a small integer, LB; and UB; represent the upper
and lower limit of j th location, respectively, A is a control
parameter, and MOP shows the mathematical optimizer
probability. Function value of MOP (B_Iter) is represented
as follows:

B_ITter!/P

MOP (Bier ) =1~ Tter /P

(20)
Here, B denotes a sensitive parameter that defines the
precision of exploitation during the iterations.

2.2.3. Exploitation phase

Subtraction (SO) or Addition (AO) operators in the mathe-
matical calculations got highdense results so in the exploita-
tion phase they can easily approach the target after several
iterations. Eq. (21) models two main search strategies in the
exploitation phase and represents position updating equa-
tions. Exploitation operators (SO and AO ) evade getting
trapped in the local investigation space, which facilitates
the procedure for the optimal outcome.

xi,j (Blter + 1)

_{ best(x;) - MOP x ((UBj — LB;) x A+ LBj) 13 < 05

~ | best(xj) + MOP x ((UB; — LB;) x A+ LBj), otherwise
(21)

2.3. Bald eagle search optimization (BES)

In 2020, BES algorithm was developed by Alsattar et al. [30].
This optimization algorithm mainly inspires by the eagle’s
intelligent social behavior in hunting [31]. The bald eagle’s
hunting is splitted up into three phases including selecting
space, exploring in space, and swooping. Through these
three phases, the bald eagle chooses the space with the
higher number of praise, then it starts searching for prey
inside the selected space, and finally, it begins swinging
from the supreme location [32].

2.3.1. Selecting-space phase

In this phase, bald eagles attempt to opt for the best area
search space with a high amount of available food. The
mathematical definition of this stage is presented as fol-
lows:

Xnew g = Xbest + :B *T (Xmean - Xz’) (22)

Where B denotes the element controlling the location
alters; r is the randomly chosen number in the range of
[0,1]. Xnew ,i» Xbest » Xmean , and X; are a new position, the

bestselected position so far, the mean gap between all loca-
tions of the bald eagles in the population, and the present
location of the eagle, respectively.

2.3.2. Searching-in-space phase

In this stage, the bald eagle searches in diverse directions
within the selected space to find prey. During this stage, it
determines the optimum location for hunting and swoop-
ing. The mathematical definition of this stage is presented
as follows:

Xnew Fi Xi +f(i) * (Xi - Xi+1) +g(i) * (Xi — Xmean )

) (23)

P ¢

80 = Gmaxsr) e
oo fr()

IO = Gmax 771 *
gr(i) = r(i) - sin(g(i)) (26)
fr(i) = r(i) - cos(g(i)) (27)

¢(i) = B.m. rand (28)
r(i) = (i) + S. rand (29)

Here, B defines the corner between point search and S
defines the number of search attempts. rand is a value in
the range of [0, 1].

2.3.3. Swooping phase

Finally, in this stage, all of the bald eagles begin swinging
from the superior location to their predefined prey. The
mathematical definition of its behavior in this phase is
presented as follows:

Xnew g = rand. Xbest "’_gl(i) . (Xi - Bl-Xmean)

(30)
+f1(i) ’ (Xi — B2 - Xpest )
N 8&rli)
gl(l) - (max |gr|) (31)
o)

IO = Tax ) 2
gr(i) = r(i) - sin(g(i)) (33)
fr(i) = r(i) - cos(g(i)) (34)

¢(i) = B.m. rand (35)
r(i) = (i) (36)

Here, B1, B2¢[1,2].
The whole appearance of the BES algorithm is available
in Alsattar et al. [30] and the subsequent pseudocode.

Set initial values randomly: X; for n point;

Calculate the fitness values of the initial point: F (X;);
WHILE (the termination criteria have not been fulfilled)
Selecting space
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For (each point i in the population)

Xnew = Xpest + ﬁ *r (Xmeﬂn - Xi)

IfF (Xnew ) < F(X;)

Xi = Xnew

IfF (Xnew ) < F (Xpest )

Xbest = Xnew

End If

End If

End For

Searching in space

For (each point i in the population)

Xnew = Xi +f(i) * (Xi - Xi+1) +g(i) * (Xi — Ximean )

If F (Xpnew ) < F(X;)

Xi = Xnew

IfF (Xnew) <F (Xbest )

Xbest = Xnew

End If

End If

End For

Swooping

For (each point i in the population)

Xnew = rand. Xy + §1(1) - (X; — B1 - Xpean ) + f1(i) -
(Xi — B2 - Xpest )

IfF (Xnew ) < F (X;)

Xi = Xnew

If F (Xnew ) < F (Xpest )

Xpest = Xnew

End If

End If

End For

Setk:=k+1;

END WHILE

2.4. Seagull Optimization Algorithm (SOA)

Laridae, so-called Seagulls, are sea birds that live all over
the world [22]. The seagull optimization algorithm (SOA)
was developed by Dhiman and Kumar [33]. It is mainly
triggered by the attacking and migration manner of seag-
ulls [34].

During migration in the flock, seagulls follow special
conditions [22, 34]:

* to prevent collisions between nearby search agents,

* to stay nearby to the neighborhoods with the optimal
and richest sources of energy,

¢ and to stay in the vicinity of the fittest (lead) seagull.

mathematical model related to this behavior is appli-
cable in finding a solution for realworld problems. For

calculating the location of search agents, an additional vari-
able is introduced as follows:

Xs = AxP! (37)

Here, X; position vector of the seagull in a way that it
does not collide with other agents in the exploration space.
Pst is the current position of an individual, and A is defined

by:
A:Z—Z.( ! > (38)

max

The following equation formulates the movement in a
way that follows the first and second conditions above:

Y; =S. (Pl —PL) (39)

Here, Y is updated position of the seagull in P! which

moves toward the best position (P!, ). S is calculated by:

best
S=2A%7r (40)

Where r is in the range of (0.1). To stay nearby the fittest
(lead) seagull, the position can be updated as follows:

Us = | Xs + Ys| (41)

In the attacking phase, seagulls exploit the informa-
tion they collected in the previous phase. In this stage,
it performs a spiral movement rendered through x,y, and
z planes utilizing the subsequent equations:

X' = R cos(m) (42)
Y' = R -sin(m) 43)
7' = Rm (44)
R=W.d" (45)

Here, R represents the width of each coil of the spiral.
m is in the domain of [0 < m < 27t]. W and v are constant
vales that determine the spiral shape.

Finally, the updated position of each seagull in the
search space is determined by:

Pl=PR+U-X Y -Z (46)

2.5. Performance evaluation metrics

The following indexes are utilized in this paper to assess
the effectiveness of advanced models:

* coefficient of determination (R?) is the degree of the
linear relation among the projected and experiential
definite values. It is introduced as given in Eq. (47).

2

R2 — "y (i — @) (v; — D)

(47)
Ik @ - w?] [£i (01— 07]
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¢ Root Mean Square Error (RMSE) is defined as follows:

N R Y
RMSE = ;g(v, w;) (48)

* Normalized Root Mean Square Error (NRMSE) is de-
fined by:
1vyvmn 2
=Y (v —w;
NRMSE = ”11111(1 ) (49)
i Lim (wi)

¢ The mean of the absolute values of the error between

the estimated and observed actual values is known as
the mean absolute error (MAE), as shown in Eq. (50).
1 n
MAE = - l; |o; — w| (50)
In all the five equations:
n : quantity of samples,
v; : predicted value,
7 : average predict value,
w; : empirically measured value
W : average empirically measured value.
T-statistical test ( Tstate ) is defined as Eq. (51):

X1 — X2

Se

In this formula, ¥; and %, are the average of the two

Tstate = (5 1 )

categories being compared, s? is the pooled standard error
of the two categories, and 77 and 7, are the number of data
entries per group.

2.6. Training Process

Algorithms are structured to optimize model performance
by iteratively adjusting hyperparameters. In this process,
optimizers assign random positions to the cost function,
which are then fed into the hyperparameters. The deter-
mined hyperparameters and the values are presented in
Table 2. Through training iterations, the model trains it-
self with given hyperparameters (random positions) then
generates predictions and assesses error parameters. The
optimal value is determined by minimizing this error, and
subsequently, it is returned to the optimizer for further
refinement.

Table 2. The results were obtained from the hybridized

models
Hyperparameter
C Gama
LSAO 8 0.1
LSBE 20 0.04

LSOA 9.355 0.145

3. Results and discussion

The findings of the developed models to estimate the CBR
value are demonstrated as follows. Here, the results of
assessing the experimentally measured records and those
estimated by LSAO, LSBE, and LSSO models in the training
(70% of models) and testing ( 30% of models) phases are
presented in Table 3 and various diagrams.

In this section, Table 3 reports a thorough assessment of
model productivity by means of five statistical evaluators
R?, RMSE, NRMSE, MAE, and Tygate - In terms of R?, it is
evident that the best result is for LSBE in both the train and
test part, in which R? is 0.9977 and 0.978 , respectively. All
three models’ test portion R? values are less than the train-
ing portion, indicating insufficient training. The greatest
outcomes in the train and test phases are clearly associated
with LSAO2 and LSAQ], respectively, when one compares
the values of the Tstatistical test Tgate , Where a smaller
SI indicates the highest model accuracy. Three types of
errors exist: RMSE, MAE, and NRMSE. These show that
LSBE with lower error values performs best in the training
phase; in the testing phase, LSBE again has the lowest re-
sults for RMSE and MAE evaluators; however, LSAO1 has
the lowest result for NRMSE, making LSBE the second-best
model.

Table 3. The results were obtained from the hybridized

models
. Models
Phase  Metric —1gx5TSBE  1SSO
R? 0.9924 0.9977 0.9843

RMSE 3203 2133 4926

Train MAE 2657 1518  4.266
NRMSE 0.062  0.041 0.096

Tstate 0913 0224  0.154

R? 09720 0978  0.966

RMSE 4863  4.613  5.999

MAE 3.788  3.403  4.137

Test NRMSE 0209 0.221 0.272
Tstate 0.120 0.4585 0.871

Fig. 2 illustrates Scattered representations of the correla-
tion between the test results and estimated values of CBR.
The figures provided correspond to their two evaluation
sets, R and RMSE. Since RMSE acts as a dispersion con-
troller for the outcomes, a lower value of this evaluator
corresponds to a larger density and a less distributed set
of results. Furthermore, the learning and validation points
are moved closer to the centerline by the R? metric. The
centerline at coordinate Y = X refers to a straight line that
passes through the origin and has a slope of 1. This line
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represents the expected or ideal relationship between two
variables. The points below and above those lines repre-
sent underestimation and overestimation. Fig. 2 shows
three developed models in the train and test phases. Ap-
proximately the R? and RMSE of the training part in all
three models, especially for LSBE, are in the convenient
region. In the testing phase, results are not as proper as in
the training phase. In this case, LSBE, LSAO, and LSSO
demonstrate the best results, respectively.

—4—Measured -#r— Test

Max Difference

0 10 20 30 40 50 60 0
Samples Number

150 o —#—Measured

sme]

Samples Number

—r— Test

Max Difference

Samples Number

Fig. 3. A line-symbol plot comparing the observed and
anticipated values

According to Fig. 3, there is a remarkable conformity
among observed and estimated CBR values in all 3 models,
especially for LSBE, which demonstrates the workability
of the proposed developed models in estimating the CBR
value. All in all, the evaluation of the proposed models sug-
gests that the projected models have precise performance
with a modest error in the CBR prediction procedure, pro-
viding that they are enough efficient to be used in practical
applications.

The violin plot depicted in Fig. 4 illustrates the distribu-
tion of errors conforming to the normal distribution across
discrete training and testing intervals for three distinct
constructed models. Within this framework, it becomes
apparent that the accuracy of outcomes diminishes as the
propensity for error dispersion increases. During the train-
ing phase, the LSBE hybrid model demonstrated superior
performance, outperforming both the LSAO and LSSO
models, which attained second and third positions, respec-
tively. However, a notable discrepancy emerges during the
testing phase, wherein the LSSO model exhibits a wider
spectrum of errors compared to LSBE and LSAO, albeit
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LSBE and LSAO showcase relatively comparable outcomes.
Across all three models, errors tend to converge around 0
percent, particularly evident within the LSAO and LSBE
training segments. Nevertheless, an observation worth
noting pertains to the LSBE model, wherein the training
phase diagram displays a comparable spread of errors as
observed in the testing diagram. This observation suggests
that the training phase manifests a broader trend of error
dispersion than what is encapsulated within the testing
phase diagrams.
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Fig. 4. The error percentage violin plot of the models that
were provided

For each of the three constructed models, the testing
phase’s maximum error values are often less than the train-
ing phase’s. When the prediction errors of the constructed
models are compared in Fig. 5, they show that, for LSBE,
errors range from less than 40% to less than 60%, which is
considerably less than 60% and 90% for LSAO and LSSO,
respectively. As a result, it can be said that in real-world
situations, it performs best when predicting the CBR value.

4. Conclusion

In this study, the development and evaluation of three hy-
brid models involved fusing Least Square Support Vector
Regression (LSSVR) with three distinct optimization algo-
rithms: the Arithmetic Optimization Algorithm, the Bald
Eagle Search Optimization, and the Seagull Optimization
Algorithm. These hybrid models were meticulously crafted
to address the time and cost constraints associated with tra-
ditional California bearing ratio (CBR) determination meth-
ods, aiming to offer a solution that is not only expedient
but also accurate for real-world applications in soil mechan-
ics and geotechnical engineering. To gauge the efficacy of
these models, five crucial factors were considered, recogniz-
ing their significance in accurately predicting CBR values.
Subsequently, the performance of each model was meticu-
lously scrutinized across two critical phases: the training
phase, where the models were honed and refined, and the
testing phase, where their predictive capabilities were put
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Fig. 5. The line-symbol plot for error percentage of

developed hybrid models

to the ultimate test. The findings reveal a notable trend
in the performance of the LSBE model, which emerged
as the frontrunner during the training phase, showcasing
superior predictive accuracy with significantly lower er-
rors across various metrics such as Root Mean Squared
Error (RMSE), Mean Absolute Error (MAE), and Normal-
ized RMSE (NRMSE). Even during the testing phase, LSBE
continued to demonstrate commendable performance, ex-
hibiting the lowest RMSE and MAE values, although the
NRMSE metric favored the LSAO model, indicating its
slightly superior accuracy in this aspect. Moreover, the
determination coefficient (R?) values further underscored
the robustness of the LSBE model, consistently yielding
the highest values in both the training and testing phases.
However, it is worth noting that while the models per-
formed admirably during the training phase, there was a
noticeable decrease in R? values during the testing phase,
hinting at potential limitations in the training process that
warrant further investigation. Despite these nuances, the
hybrid models exhibited remarkable conformity in pre-
dicting CBR values, as evidenced by the strong agreement
between the anticipated results and the experimentally ob-
served values. Among them, the LSBE model stood out
for its unparalleled accuracy, consistently delivering pre-
dictions with minimal errors, often hovering around the
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0% mark. This impressive performance underscores the
practical utility of the LSBE model and its suitability for
deployment in real-world scenarios, where precision and

efficiency are paramount.

nomenclature

Acronyms

Tstat T-statistical test

AOA  Arithmetic Optimization Algorithm
BESO  Bald Eagle Search Optimization
CBR California Bearing Ratio

cp Curing Period

LI Lime Percentage

LS Lime Sludge Percentage

LSSVR  Least Square Support Vector Regression
MAE  Mean Absolute Error

MDD  Maximum Dry Density

ML Machine Learning

NRMSE Normalized Root Mean Square Error

OMC  Optimum Moisture Content

R? Coefficient of Determination
RMSE  Root Mean Square Error

SOA Seagull Optimization Algorithm
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