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The construction of flexible pavement on expansive soil subgrade necessitates the precise determination of the
California Bearing Ratio (CBR) value, a crucial aspect of flexible pavement design. However, the conventional
laboratory determination of CBR often demands considerable human resources and time. As a result, there is a
need to explore alternative methods, such as developing dependable models to estimate the CBR of modified
expansive soil subgrade. In this research, a machine learning (ML) model, specifically a Random Forest (RF)
machine model, was developed to forecast the CBR of an expansive soil subgrade mixed with sawdust ash,
ordinary Portland cement, and quarry dust. The models’ performance was assessed using several error indices,
and the findings revealed that the RFAO model exhibited superior predictive capability when compared to the
RFDA and RFSM machine models. Specifically, the R2 values for the training and testing data for the RFAO
model were 0.9952 and 0.9988, respectively. In addition, RFAO obtained the most suitable RMSE equal to 0.4878.
The RFAO model generally indicated an acceptable predictive ability and more desirable generalization ability
than the other developed models.
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1. Introduction

The CBR is a measure employed to evaluate the strength
of the soil subgrade, a critical aspect in the design of flexi-
ble pavements [1]. Such an assessment holds considerable
significance in this field of engineering. This investigation
looks at the link between the force needed to plunge a stan-
dard plunger into the soil and the force needed to plunge
the same plunger into a standardized material using a pen-
etration test [2, 3]. The CBR value assumes a pivotal role
in ascertaining the thickness of a pavement layer essential
for the accommodation of the expected traffic volume of
a specific design. It is imperative to augment the depth
of the pavement stratum to withstand the envisaged load
as the CBR value escalates adequately. It can be difficult

and expensive to determine the CBR value, especially in
a laboratory setting [4]. Because of the aforementioned
phenomena, scientists are now investigating different ap-
proaches, such as using ML models, to more accurately
forecast a soil subgrade’s CBR value. The CBR is a metric
that may be described as the force per unit area required to
pierce a soil mass using a circular plunger with a diameter
of 50 mm , compared to the same penetration in a stan-
dard material carried out at a constant pace of 1.25 mm
per minute. In order to evaluate penetrations, the ratio of
2.5 to 5 mm is typically used, as stated in the references
[5, 6]. The utilization of the ratio at 5 mm is consistently
higher than that at 2 . There is a choice as to whether to
use undisturbed or reconstituted compacted samples for
the laboratory test, which may be carried out under water-
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saturated or unsaturated circumstances. A recent study
has demonstrated that the state of the material at the time
of testing has a significant influence on the values of CBR,
which is worth highlighting [7–9] The endeavor to develop
algorithms imbued with the ability to acquire knowledge
from datasets and enhance their performance over time
is regularly denoted as ML, a subdomain of artificial in-
telligence. ML presents a significant advantage due to its
ability to manage large and complex datasets proficiently.
The capacity above facilitates the discernment of funda-
mental trends and the generation of meticulous prognos-
tications characterized by a noteworthy level of precision.
A great deal of documentation has been done on the rise
of several ML approaches in the academic setting. These
include deep learning, reinforcement learning, supervised
and unsupervised learning, and many more. ML gained
considerable recognition and has been widely implemented
in a wide range of sectors, including healthcare, transporta-
tion, manufacturing, and finance [10–13]. The utilization of
ML in the healthcare industry holds promise for analyzing
medical images and detecting potential anomalies. Within
finance, the application of ML holds promising potential
for identifying fraudulent activities and mitigating the as-
sociated risks inherent in financial pursuits. This premise
has been extensively explored in pertinent scholarly works
[14–16].

The RF model in ML represents an exemplary approach
within the domain of supervised learning algorithms that
are adaptable for performing regression as well as classifi-
cation tasks. The randomized forest algorithm produces a
heterogeneous collection of decision trees and consolidates
their outputs to attain a final prediction. Each decision tree
is assembled by applying a randomized subset sourced
from the training data, while the model utilizes the bag-
ging methodology to amalgamate the individual prognos-
tications produced by each decision tree [17, 18]. The RF
[19] algorithm offers several advantages compared to al-
ternative ML methods. The model demonstrates resiliency
to overfitting, thereby suggesting its proficiency in miti-
gating the concern of over-learned training data and the
incapability to adjust to new data. The algorithm demon-
strates its ability to effectively handle datasets containing
missing values and noise while providing valuable metrics
for measuring variable significance. These metrics play
an essential role in identifying the significant characteris-
tics that hold crucial sway over the forecasted outcome of
the dependent variable. The prognostication of the CBR
estimation for a soil subgrade may be achieved by imple-
menting an RF model and employing an extensive dataset
[20, 21]. The dataset must encompass a wide spectrum of

soil properties, such as the Atterberg limits and compaction
characteristics, in addition to the precise composition and
quantity of stabilizing agents employed. The model dis-
cussed above relies on the available dataset to develop a
predictive function that can accurately estimate the CBR
attribute of the subgrade soil based solely on the given
features. It is possible to assess the effectiveness of the RF
model utilizing various error metrics, such as the mean
squared error (MSE) and the coefficient of determination(
R2). The evaluation results can serve as a means of deter-

mining the accuracy and reliability of the model. The RF
model presents a robust tool for predicting the CBR of a
soil subgrade in an academic context. The ability to adeptly
handle missing, noisy, and variable pertinent information
underscores the credibility of the methodology as a reliable
means of generating accurate predictions in empirical in-
vestigations. By utilizing various ML techniques, such as
the RF algorithm, it is possible to mitigate the time and
cost implications associated with determining the CBR of
soil subgrades [22]. This process’s outcome optimizes both
efficiency and cost-effectiveness in pavement design.

This article employs ML techniques to address complex
systems and the processing of multiple parameters to pre-
dict CBR. Specifically, the approach utilized in this study in-
volves using the RF method. Additionally, meta-heuristic
algorithms enhance the output and increase precision while
minimizing errors within the relevant model to generate re-
sults that mimic those obtained through laboratory experi-
mentation. The ensuing section will expound on diverse op-
timization techniques, including the Dynamic Arithmetic
Optimization Algorithm (DAOA), Slime Mould Algorithm
(SMA), and Aquila Optimizer (AO), which belong to the
category of novel algorithms. The DAOA was chosen for its
adaptability to different problem characteristics, efficient
convergence properties, and versatility across diverse opti-
mization tasks. SMA, inspired by natural foraging behav-
ior, offers robustness against uncertainties and a balanced
exploration-exploitation approach. Meanwhile, AO excels
in global search capability, efficiency in resource consump-
tion, and scalability to handle complex, multidimensional
optimization spaces. By leveraging these algorithms, the
study aims to enhance model accuracy, efficiency, and ro-
bustness while accommodating the complexities inherent
in predicting CBR from complex systems and multiple pa-
rameters using ML methods. It should be mentioned that,
in this study, Python was utilized as the primary program-
ming language for building and deploying the ML models,
including the RF method and meta-heuristic algorithms
such as the DAOA, SMA, and AO.
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2. Materials and methodology

2.1. Data gathering

The experiment carried out by Ikeagwuani provided the
intake-output dataset used in this investigation [23]. 2 dif-
ferent experimental techniques are used in the mix ratio:
the response surface approach and the Taguchi array tech-
nique. The stabilizers and modified expansive soil qualities
shown in Table 1 are correlated with the CBR value, which
is the output variable and has inherent geotechnical char-
acteristics. The modified physical properties of the soil
include the Atterberg limits and compaction attributes of
the altered expansive soil. The Atterberg limits comprise
specific parameters, namely the liquid limit (LL), plastic
limit (PL), and plasticity index (PI).

Additionally, the compaction characteristics comprise 2
critical attributes: maximum dry density (MDD) and opti-
mum content (OMC). Furthermore, the intake parameters
encompass the SDA, OPC, and QD stabilizers. Overall, the
study comprised 8 intake parameters and a solitary out-
come parameter. Table 1 shows that there are 109 sampled
points in the data set used for this investigation.

2.2. Random Forest

2.2.1. The RF basis

An RF framework comprises a tree-shaped classifier col-
lection denoted as {s (x,ℵ1) , m = 1, . . .}. Every tree con-
tributes a single option for establishing the predominant
group for a specific intake x. In this context, the {ℵ1} stand
for random vectors that exhibit independence and identical
distribution characteristics.

An RF is composed of numerous tree-shaped classifiers
created by a training demo collection and an arbitrary vari-
able, denoted as {ℵ1}, for the m-th tree within Breiman’s
framework [24]. These arbitrary ones exhibit independence
and identical distribution across any 2 trees, thereby giving
rise to a classifier s (x,ℵl), in which, x stands for the input
vector. A sequence of classifiers {s1(x), s2(x), . . . , sm(x)} is
created, and this sequence can be harnessed to construct
several categorization frameworks.

S(x) = argmaxm

m

∑
i=1

F (si(x) = W) (1)

Every tree possesses the prerogative to exercise its vot-
ing power in favor of the aptest classification outcome
of a specified intake variable. The discrete decision tree
forms conglomeration is symbolically represented using
S(x). The outcome would be W, and the index function is
shown by F(.) [25]. The procedure for choosing the suitable
classification result is shown in Fig. 1.

2.2.2. RF Characteristics

The function of margin that is utilized in the RF algorithm
[25] to evaluate the degree to which the mean number of
correct class votes exceeds that of incorrect class votes at
X, W may be expressed as follows:

dz(X, W) = avl F (sl(X) = W)− maxj ̸=W avl F (sl(X) = j)
(2)

The margin function serves as a metric that gauges
the precision and assurance of the classification forecast,
wherein an elevated value indicates an augmented level
of accuracy and confidence. The classifier’s generalization
error can be formulated as follows:

EQ∗ = EX,W(dz(X, F) < 0) (3)

Leo Breiman found that as the number of decision trees
in an RF classifier becomes large enough, the arbitrary
variable sm(X) = s (x,ℵm), adheres to the Strong Law of
Large Numbers. With an increasing decision tree number,
EQ∗ congregate to a specific amount for nearly all of ℵ1

sequences. Additionally, Breiman showed that RFs are re-
silient against overfitting and have the capacity to produce
a limit value for error of generalizing.

E
(

Eθ (sm(x, θ) = W)− max
j ̸=W

Eθ(s(x, θ) = j) < 0
)

(4)

Leo Breiman also drew the conclusion that there exists
an upper bound for the generalization error:

EQ∗ ≤ β̄
(

1 − c2
)

/c2 (5)

The error of generalizing an RF is affected by 2 key
factors: every forest tree’s strength, which is distributed as
(c), and the level of correlation among the trees, indicated
using the mean correlation value β̄. A small correlation
amount signifies diminished reliance on the trees, leading
to enhanced performance of the RF [26].

2.2.3. Out-of-bag estimation

Constructing an RF model entails generating a tree struc-
ture on a fresh training dataset that employs a random
selection of features. The present study introduces a novel
training set that employs bagging techniques, extracting
random demos of the primary training collection. Bagging
was employed for 2 fundamental purposes. The efficacy of
bagging in enhancing accuracy, specifically in incorporat-
ing random features, has emerged as a pertinent observa-
tion. Another aspect to consider is that bagging generates
out-of-bag data and is able to offer ongoing assessments
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Table 1. The numerical characteristics of output and intake parameters.

Numerical
Features

Dataset Components
PL LL MDD PI OMC QD (%) SDA (%) CBR (%) OPC (%)

Min 17.9 21.2 1.365 2.1 18.9 0 0 19.69 2
Max 37.2 52.1 1.777 19.5 29.5 20 20 66.75 8

St. Dev. 4.2812 6.1538 0.0883 4.1149 2.426 8.1961 7.1546 10.866 2.3798
Mean 26.683 35.845 1.4929 9.1623 24.143 10.642 10.660 39.959 4.9449

Fig. 1. Schematic of RF.

for the out-of-sample EQ∗ of the RF , as well as correlation
and strength predictions.

Around 36.8% of the demos in dataset T are excluded
from the training collection of m th, Sl , obtained from the
initial training collection S by employing bagging with an
exchange. Sl comprises N demos, in which, N represents
the whole demos amount in S. The possibility of any par-
ticular demo not being a part of Sl is given by (1 − 1/N)N ,
and these approaches c−1 as N grows. These demos, which
are absent from Sl are commonly referred to as out-of-bag
(OOB) info [27].

The OOB prediction approach applies a method that
leverages out-of-bag info to approximate the classifying ef-
ficiency of a given model. This technique acquires an error
estimate of every tree constituent of the RF algorithm. De-
termining the RF’s generalization error involves the deriva-
tion of the mean of all tree error approximations within
the RF. Tibshirani, Macready, and Wolpert proposed in-
tegrating the OOB prediction in the generalization error
estimation due to its expedited computational nature and
reduced bias compared to cross-validation. Moreover, the
OOB estimate exhibits higher precision in comparison to
the cross-validation approach. The utilization of the OOB
error estimate obviates the requirement for allocating a
distinct test framework. As Breiman showed, the OOB
precision estimate is commensurate with utilizing a test
framework that matches the training framework size. Fur-
thermore, the utilization of the OOB technique has the

potential to furnish an internal appraisal of the potency
and interdependence of the analysis, thereby facilitating
the comprehension of the classification precision and the
identification of prospective enhancements.

2.3. Dynamic Arithmetic Optimization Algorithm
(DAOA)

The dynamic version of optimization methods employs
solution candidates with adaptive characteristics and eval-
uates domains that enable the utilization of exploitation
and exploration approaches. A salient feature of DAOA is
its innate capacity to forego the need for pre-defined pa-
rameter adjustments in the context of commonly employed
meta-heuristics.

The cruciality of dynamic acceleration functions in the
exploration phase of dynamics is evident in Arithmetic
Optimization Algorithms. The alignment with the recent
downward function necessitates that AOA implements
modifications to the upper and lower thresholds of the
initial data for the acceleration capability. Utilizing an algo-
rithm devoid of modifiable internal parameters is highly
recommended due to the substitution of the dynamically
accelerated function. The improvement factor of the algo-
rithm is characterized by the following terms:

R =

(
Max iter

R

)Z
(6)

Balancing exploitation and exploration is an essential
factor in the effectiveness of metaheuristic methods, given
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that the features are their fundamental components [28].
As a part of the optimization approach that places equal
emphasis on both exploration and exploitation, each solu-
tion adapts its location dynamically regarding the optimal
solution achieved in the present iteration, as described be-
low:

xi,j(q+ 1) =


best

(
xj

)
÷ (S + z)×

((
vhj − chj

)
× U + chj

))
, z1 < 0.5
best

(
xj

)
× S ×

((
vhj − chj

)
× U + chj

))
, otherwise

(7)

xi,j(q+ 1) =


best

(
xj

)
− (S + z)×

((
vhj − chj

)
× U + chj

))
, z2 < 0.5
best

(
xj

)
+ S ×

((
vhj − chj

)
× U + chj

))
, otherwise

(8)
During the progression of iterations, the value decreases,

while a dynamic function (S) for candidate solutions is
defined based on the decreasing influence of the proportion
of available resolutions, such as:

S(0) = 1 −

√
R

Max iter
(9)

S(q + 1) = S(q)× 0.99 (10)

Incorporating candidate solutions within the frame-
work of DAOA holds the potential to enhance the AOA’s
convergence rate. This is chiefly due to the many explo-
ration agents and iterative processes involved. Addition-
ally, the improvements augment the quality level of the
solution. "Parameter-free functioning is a commonly ac-
claimed attribute of these algorithms, regarded as a promi-
nent strength. The use of dynamic functions differs be-
tween DAOA and AOA [29]. The DAOA algorithm pos-
sesses a significant advantage by demonstrating an inher-
ent capability to acclimate to parameters, thus necessitating
minimal modifications. Unlike numerous methods that
necessitate parameter modification to align with diverse
problem scenarios, the DAOA algorithm distinguishes it-
self. One potential drawback of DAOA is its reliance on
the number of iterations for its adaptive mechanism rather
than improving overall fitness. The pseudocode for DAOA
is presented through algorithm 1.

2.4. Slime Mould Algorithm (SMA)

This particular optimization approach is centered on an
organism known as Physarum Polycephalum, a variety

Algorithm 1. The dynamic form of AOA

Initialize the parameters for DAOA
Generate random values for primary positions.
while ( q < maximu number of iterations) do
Calculate the fitness values for the given solution
representation.
Discover the optimal solution

Revise the S value using Eq. (6)
Modify the R-value using Eq. (9)

f or i=1:
f or j=1:

Generate random values ranging from 0 to 1 for z1, z2, and z3
i f Z1 >S

i f Z2>q
By employing the first mentioned formula in Eq. (7)
Else
By making use of the second formula mentioned in Eq. (7)
end i f

i f Z1<S
i f Z2>0.5

By applying the first mentioned formula in Eq. (8)
Else
By employing the second stated formula in Eq. (8))
end i f

end i f
end i f

end i f
q=q+1
end while
Return the optimal solution
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of slime mold. The Plasmodium stage constitutes the pre-
dominant metabolic phase of the mold, characterized by its
highly active and dynamic nature. During this stage [30],
the organic material in the slime mold actively seeks nour-
ishment, envelops it, and then secretes various enzymes to
facilitate its decomposition and digestion. These organisms
possess distinctive traits and patterns that enable them to
create a network of veins connecting with multiple food
sources simultaneously. The slime creature is able to choose
the best path for connecting to food sources by means of
both positive and negative feedback processes [31]. As a
result, using both mathematical modeling and real-world
investigations, academics have investigated the application
of slime molds in the fields of graph theory and route net-
works. This segment will comprehensively account for the
suggested mathematical model and approach [32].

To imitate the approach behavior of slime molds, which
can detect food through scent in the air, the subsequent
equations are suggested:

−−−−−→
X(h + 1) =

{ −−−→
Xp(h) +

−→wp ·
(

C⃗ ·
−−−→
XZ(h)−

−−−→
XB(h)

)
, s < q

−→
wZ ·

−−→
X(h), s ≥ q

(11)
The parameter −→wp has a range of −e to e,

−→
wZ decreases

linearly from one to zero, and X reflects the position of the
slime mold.

−→
Xp indicates the location of the individual with

the greatest odor concentration currently observed. The
variables

−→
XZ and

−→
XB represent 2 randomly chosen slime

mold individuals, whereas h indicates the current iteration
and C⃗ indicates the weight of the slime mold. Below is the
formula for q :

q = tanh |G(i)− BF| (12)

For variables i ∈ 1, 2, . . . , n, the BF shows the optimal
fitness attained throughout all iterations, while G(i) shows
the fitness of X. The following is the formula for −→wp :

−→wp = [−e, e] (13)

e = arctanh
(
−

(
h

max− h

)
+ 1

)
(14)

The formula for C⃗ is presented below:

−−−−−−−−−−−−→
C( SmellIndex (ı)) =

 1 + s · log
(

pF−G(i)
pF−mF + 1

)
, condition

1 − s · log
(

pF−G(i)
pF−mF + 1

)
, other

(15)

SmellIndex = sort(G) (16)

The following formula defines C⃗ : A random value be-
tween 0 and 1 is represented by s; the best fitness value
obtained in the current iteration is shown by pF; the worst
fitness value obtained in the current iterative procedure
is shown by mF; and the fitness values pattern, which is
arranged in ascending order for value minimization, is rep-
resented by SmellIndex. Furthermore, G(i) falls into the
first half of the population according to condion.

Eq. (17) is a mathematical model that simulates the con-
traction of the vascular structure of slime molds during
their feeding search. A larger vein is indicative of a more
robust wave emerging from the quicker cytoplasm and
flow bio-oscillator, and the model relies on this interplay
between the vein’s diameter and the concentration of food.
Variables are added to Eq. (15) to account for the uncer-
tainty in the venous tissue contraction mode. The compo-
nent log’s inclusion helps to stabilize the contraction fre-
quency’s numerical values. Based on the nutritional value
of the food, the variable condition replicates the adaptable
search pattern of the slime mold. In other words, the weight
of the region grows in high food concentration places and
reduces in low food concentration parts, leading to the
exploration of other regions.

The following mathematical expression may be stated
by updating the location of slime molds using the afore-
mentioned principle:

−→
X∗ =


rand. (CR − LR) + LR, rand < o
−−−→
Xp(h) +

−→wp ·
(

C ·
−−−→
XZ(h)−

−−−→
XB(h)

)
, s < q

−→wz ·
−−→
X(h), s ≥ q

(17)

LR and CR, respectively, stand for the lower and up-
per limits of the search range. Random values inside the
interval [0, 1] are represented by rand and s. The SMA
pseudocode is shown by algorithm 2.

Algorithm 2. SMA’s pseudocode

Initialize the parameters pop size, Max_iteraition;
Initialize the positions of the slime mold Xi(i = 1, 2, . . . , n);
While ( h Max_iteraition)

Calculate the fitness of all slime mold;
update bestFitness, Xp
Calculate the C by Eq. (15);
For each search portion

update q, wp, wz;
update positions by Eq. (17);

End For
h = h + 1 ;
End While
Return bestFitness, Xp;
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2.5. Aquila Optimizer (AO)

In 2021, Abualigah et al. introduced a new swarm intelli-
gence algorithm called AO. The algorithm is inspired by
Aquila’s 4 distinct hunting behaviors, which are tailored
for different types of prey. Aquila can effortlessly switch
between hunting strategies to adapt to prey, utilizing its
agility, powerful feet, and claws to launch swift attacks. A
concise explanation of the mathematical model is presented
below [33].

1 : The f irststep, ExpandedExploration (X1)

It entails Aquila flying at a high altitude to thoroughly
explore a vast search space, followed by a vertical dive to-
wards the prey’s location. The corresponding mathematical
model is expressed as follows:

X1(h+ 1) = Xbest (h)×
(

1 − h
H

)
+(XW(h)− Xbest (h)× z1)

(18)

XW(h) =
1
U

U

∑
i=1

Xi(h) (19)

Whereas, XW(h) represents the average position of all
Aquilas in the present version., and Xbest (h) denotes the
best position achieved up to that point. Here, h denotes the
current iteration, and H represents the maximum number
of iterations. U corresponds to the size of the population,
and z1 is a random number ranging from 0 to 1 .

2 : NarrowedExploration (X2) : Contour Flight with
Short Glide Attack

Aquila’s primary hunting strategy involves descending
within a selected area and flying around the prey, followed
by a short gliding attack [34]. The corresponding formula
for updating the position is as follows:

X2(h + 1) = Xbest (h)× LF(B) + XS(h) + (y − x)× z2)

(20)
The formula for updating the position is given by: where

XS(h) denotes a random position of Aquila, B represents
the size of the dimension, and z2 is a random number
between 0 and 1 . Moreover, LF(B) represents the Levy
fight function, which is defined as follows:

LF(B) = c × v × σ

|ϑ| 1
α

(21)

σ =

 Γ(1 + α)× sin
(

πα
2
)

Γ
(

1+α
2

)
× α × 2(

α−1
2 )

 (22)

The constant parameters c and α are set to 0.01 and
1.5 , respectively. v and ϑ are random numbers within
the range of 0 to 1 . The variables y and x are utilized to

generate a spiral trajectory during the search process, and
their calculation is as follows:

x = z × sin(θ)
y = z × cos(θ)

z = z3 + 0.00565 × B1
θ = −φ × B1 +

3×π
2

(23)

Here, z3 is an integer variable representing the number
of search cycles, ranging from 1 to 20.B1 is a set of integers
from 1 to the dimension size (B), while φ is assigned a
value of 0.005 .

3. Expanded Exploitation (X3) :
Low Flight with a Slow Attack

The third hunting strategy involves Aquila descending
vertically for a preliminary attack once the prey’s location
is approximately determined. AO capitalizes on the chosen
area to close in on and attack its prey. The corresponding
behavior is expressed as follows:

X3(h + 1) = (Xbest (h)− XW(h))× γ − z4+

((VC − LC)× Z5 + LC)× δ
(24)

Where Xbest (h) represents the optimal position attained so
far and XW(h) denotes the average position of the present
positions. The parameters γ and δ are the exploitation
adjustment parameters, which are set to a value of 0.1.VC
and LC correspond to the upper and lower bounds of the
problem, whereas Z4 and Z5 are random numbers ranging
from 0 to 1.

2.6. Methods for assessing performance

As previously noted, current research employs a range
of metrics for assessing the models, including the cor-
relation coefficient

(
R2), median absolute percentage er-

ror (MDAPE), root mean square error (RMSE), and mean
square error (MSE), and n10-index. These metrics are cal-
culated using Eqs. (25) to (29):

R2 =

 ∑u
i=1 (zi − z̄) (ei − ē)√[

∑W
i=1 (zi − z)2

] [
∑u

i=1 (ei − ē)2
]


2

(25)

RMSE =

√
1
U

u

∑
i=1

(ei − zi)
2 (26)

MSE =
1
U

u

∑
i=1

h2
i (27)

MDAPE = 100 × median
(
|zi − z̄|
|ei − ē|

)
(28)

n10 − index =
n10

n
(29)
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Here, zi stands for the predicted values, while ei corre-
sponds to the experiential amounts. The forecasted and
observed samples’ average values are referred to as z and
e, respectively. Alternatively, U represents the quantity
of samples under consideration.

3. Results and discussion

3.1. Comparative analysis based on evaluators’ results

In this section, the models are discussed based on the crite-
rion. The dataset was randomly split into a training dataset
and a test dataset. 30% of the data set of the test was uti-
lized to assess its dependability after it was constructed
using 70% of the training data set. Establish reasonable con-
nections between the reasons. Based on Table 2, the maxi-
mum estimated value of R2 was reported to the RFAOtest

and equal to 0.9988 ; the lowest value was reported to the
RFSMtrain and equal to 0.9776 . The RMSE component also
showed that RFSMtrain = 1.7210 had the greatest value
and RFAOtest = 0.4878 had the lowest. When it comes
to MSE, the RFAO has the best reported result (0.238),
while the RFSMtest has the worst reported value (3.664). In
MDAPE, RFAOtest = 0.5979 had the best performance, al-
though the RFSMtest = 2.4504 had the worst performance.
In the end, the RFAOtest yielded the most appropriate re-
sult for Testate , whereas the RFSM test produced the lowest
value. Since the test data has been decreased, with the
exception of a few instances, the model’s findings show
that all of the models have been appropriately trained. In
general, the parameters of the RFSM model decrease, but
since the parameters had high values from the beginning,
it is not a suitable prediction model, while the RFAO model
has a slight increase except for R2, and the rest of the pa-
rameters decrease. As a result, the model is suitable and
with It is highly accurate for prediction.

CBR prediction is essential for assessing geotechnical
risks associated with subgrade soils. Understanding CBR
values allows engineers to evaluate soil stability, suscep-
tibility to deformation, and potential for bearing capacity
failures, enabling proactive risk management and mitiga-
tion measures during project planning and execution.

Fig. 2 depicts a scatter plot comparing the estimated
against the real amounts of 3 hybrid ones: RFAO, RFDA,
and RFSM. 2 linear fits plus a center line, which stand in
for the distinct training and testing frameworks, make up
the scatter plot. Given that the anticipated and observed
numbers have a significant positive correlation, the results
show that all 3 frameworks are capable of producing accu-
rate predictions. However, based on the scatter plot, RFAO
exhibits the densest clustering of data points around the
linear fit lines among the 3 models, suggesting higher ac-

curacy. Although the data points show more dispersion,
there is a substantial link between RFDA and RFSM. Both
models have identical slopes and intercepts for their linear
regression lines, indicating equivalent expected capabili-
ties.

Fig. 2. The scatter diagram representing the hybrid
improved models.

A line-symbol plot comparing the estimated and ob-
served demonstrations of 3 hybrid ones-RFAO, RFDA, and
RFSM—is shown in Fig. 3. The chart demonstrates the effec-
tiveness of the models by assessing the degree of agreement
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Table 2. Developed assessment results of models by evaluators.

Hybrid Models Sections Evaluators
RMSE R2 MSE MDAPE n10_index

RFDA Train 1.1014 0.9907 1.2132 1.4874 1
Test 1.6107 0.9858 2.5947 2.0118 0.9697

RFAO Train 0.8365 0.9952 0.6998 1.3268 1
Test 0.4878 0.9988 0.238 0.5979 1

RFSM Train 1.7210 0.9776 2.9621 2.3613 0.9737
Test 1.9142 0.9809 3.6644 2.4504 0.9697

between the predicted and actual values. As seen by the
strong agreement between the observed and predicted val-
ues throughout the dataset, the findings show that RFAO
achieves great accuracy. Although RFDA and RFSM also
show a significant connection between the projected and
observed results, there is a slightly bigger degree of depar-
tures from the empirical data. This implies that, despite
their effectiveness, RFDA and RFSM might not provide as
high of an accuracy as RFAO.

Fig. 4 displays the distribution of the improved ones’
error percentages. There is a vertical axis for incidence fre-
quency and a horizontal axis for mistake rate. According
to the results, RFAO has the fewest mistakes, with most
error percentages ranging between 0 and 10%. Conversely,
RFSM and RFDA have a larger range of error percentage
distribution and a higher frequency of results across the
10% threshold. Furthermore, an extremely small subset of
data points exhibits notably greater error percentage lev-
els in both RFDA and RFSM, indicating a right-skewed
distribution. Given the graph’s indication that the testing
framework’s error percentages are comparatively lower
than those of the training framework, overfitting of the
training data is a possibility. Overall, the graph does a
good job of showing how the upgraded ones’ error percent-
ages are distributed, emphasizing how precise the RFAO
approach is. Reliable CBR prediction contributes to cost-
effective project management by optimizing material usage,
reducing over-design, and minimizing construction delays
and unforeseen repairs. Improved efficiency in pavement
design and maintenance translates into substantial cost
savings for infrastructure stakeholders and taxpayers.

Fig. 5 displays a boxed plot illustrating the error per-
centages of the models represented. During the training
phase, RFAO had a mean error rate of 0%, with a normal
distribution and minimal dispersion. Favorable values fell
below the 10% threshold in the error distribution. With a
more uniform and symmetrical normal distribution, RFDA,
on the other hand, showed dispersion in both stages. The
error percentage of the model was limited to 10%, neverthe-
less. It is unusual in statistical analysis for a single outlier

datum to account for more than 10% of the dataset during
the evaluation stage, yet RFSM revealed the most signif-
icant and varied discrepancies. Compared to the other 2
models, the RFDA’s Gaussian distribution had higher dis-
persion due to a lower frequency of incidence near zero. In
general, all the models performed satisfactorily, although
RFAO produced better results. CBR prediction supports en-
vironmentally sustainable practices by facilitating the selec-
tion of eco-friendly construction materials and techniques.
By optimizing subgrade soil characteristics based on CBR
values, engineers can minimize environmental footprint
and enhance the long-term sustainability of infrastructure
projects.

3.2. Wilcoxon Test

The Wilcoxon test was utilized to evaluate the comparative
performance of 3 models: RFDA, RFAO, and RFSM. The
test results, including p-values and statistics computed for
each pair of models, offer valuable insights into their statis-
tical significance and relative performance. Detailed out-
comes of the Wilcoxon test are presented in Table 3, provid-
ing a comprehensive overview of the model comparisons
and their significance levels. The results of the Wilcoxon
test indicate that there is no statistically significant differ-
ence in performance between RFAO and RFSM (p-value
= 0.9698, Statistic = 2985), as well as between RFDA and
RFSM (p-value = 0.0680, Statistic = 2394), suggesting com-
parable model pairs. However, the comparison between
RFDA and RFAO reveals a marginally significant differ-
ence (p-value = 0.0268, Statistic = 2265). Although this
difference does not reach conventional levels of signifi-
cance, it suggests a potential difference that may require
further investigation or consideration. In summary, ac-
cording to the Wilcoxon test, RFAO performs comparably
to both RFDA and RFSM, while the comparison between
RFDA and RFAO shows a marginally significant difference,
highlighting the importance of cautious interpretation and
potential further exploration.
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Fig. 3. The juxtaposition of forecasted and observed samples.

Fig. 4. The percentage of error rates for the models on display.

4. Conclusion

To anticipate R2 and RSME, the construction and imple-
mentation of durable and adaptable pavements frequently
require the use of reputable methods for evaluating or veri-
fying the CBR. Regrettably, the customary testing method-

ology for determining the subgrade’s CBR is often challeng-
ing because of the substantial time commitments necessi-
tated by the methodology utilized for the test. Therefore,
the necessity to examine substitute approaches, specifically
the creation of prognostic models, has arisen as a way to
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Fig. 5. The distribution of errors among the hybrid models
is illustrated by the violin plot depicted in the diagram.

Table 3. Developed assessment results of models by
evaluators.

Difference of models
Parameter

p_value statistic
Def. between RFDA and RFAO 0.0268 2265
Dif. between RFDA and RFSM 0.0680 2394
Dif. between RFAO and RFSM 0.9698 2985

develop a method for estimating the CBR of expansive
soil subgrades. Due to this rationale, using learning ma-
chines has superseded human experiments. This article
aims to introduce the RF model, an ML method utilized for
predicting CBR.

In addition, the relevant model was combined with 3
meta-heuristic algorithms-the DAOA, SMA, and AO-to
improve accuracy and reduce mistakes, creating a hybrid
model. Subsequently, various performance metrics, namely
R2, RMSE, MSE, MDAPE, and n10_index, were utilized to
evaluate the efficiency of these models in this research ar-
ticle. The blended models’ achievements were evaluated
based on distinct criteria employed for model selection.
Therefore, it can be inferred that the AO model demon-
strated superior performance compared to the other 2 mod-
els when combined with RF.

Identifying study limitations is essential for improving
research and guiding future endeavors. This study’s limita-
tions include challenges related to the generalizability of
RF combined with meta-heuristic algorithms, necessitating
validation across diverse soil types and environments to
enhance reliability. Data quality issues, such as missing
values or outliers, may affect model effectiveness, empha-
sizing the critical reliance on high-quality data. Exploration
of optimal algorithm selection, tuning, and evaluation met-
rics is warranted to fully capture model performance and
utility. External validation through independent datasets

is crucial to confirm the approach’s effectiveness beyond
experimental settings. Future research should explore dif-
ferent soil conditions, integrate additional data sources,
conduct comparative studies with alternative methods, en-
hance model interpretability, deploy real-time monitoring
systems, validate models through field studies, and de-
velop user-friendly tools. These efforts aim to advance pre-
dictive modeling for CBR estimation, enhancing accuracy
and applicability in pavement design and infrastructure
management.
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