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Design Hybrid ARO-SVR Analysis To Predict The Pile Bearing Capacity
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The assessment of the load-bearing capacity of piles holds significant importance in the design of pile founda-
tions. This paper presents hybridized support vector regression (SVR) models by utilizing the Artificial Rabbit
Optimization (ARO) and the Black Widow Optimization Algorithm (BWOA) to predict the bearing capacity of
concrete piles. A repository comprising 472 reports on static load tests conducted on driven piles was employed
for the study. The dataset was allocated into three parts: the training set (70%), the validation set ( 15% ), and
the testing set ( 15% ). Multiple criteria for assessing quality were utilized to evaluate the effectiveness of the
models. The first rank belonged to the SVR model integrated with the ARO algorithm, where it could gain the
higher value of R2 in all of training

(
R2 = 0.9876

)
, validating

(
R2 = 0.9778

)
, and testing sections

(
R2 = 0.9874

)
,

and the lowest value of RMSE in all the training ( RMSE = 39.393 ), validating ( RMSE = 53.727 ) and testing
sections ( RMSE = 38.082). The findings indicate that the suggested model is highly appropriate for predicting
the capacity of concrete piles.
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1. Introduction

A pile is a lengthy structural component employed to fa-
cilitate the transfer of structural loads to the underlying
soils at a depth beneath the base of the structure. Structural
loads, such as axial, lateral, and moment loads, exemplify
the types of loads encountered. The mechanism of load
transmission relies on the resistances offered by the pile
toe and pile shaft [1]. In practical applications, the term
"deep foundations" is frequently used interchangeably with
"pile foundations" [2]. The issue of deep foundation design
holds relevance to numerous civil engineering structures,
given the increasing prevalence of constructing buildings
on soft soils. Pile foundations, which serve to transmit the
load of superstructures to the underlying subsoil and bear-
ing layers, are widely employed in this context [3]. How-
ever, accurately predicting the settlement of piles proves
challenging due to the intricate nature of the consolidation

process and pile-soil interaction [4, 5]. Over the past few
decades, various approaches encompassing experimental,
numerical, and analytical methods have been put forth to
estimate pile-bearing capacity [6–13]. Ensuring a high level
of accuracy and consistency in these estimations remains
of utmost significance [14].

The determination of pile bearing capacity can be
achieved through five distinct approaches, including dy-
namic analysis, high strain dynamic test, pile load test, cone
penetration test (CPT), and in situ tests [15–17].

Design guidelines frequently recommend the utiliza-
tion of the critical depth concept based on static analysis.
However, it should be noted that the idealization of the crit-
ical depth lacks both theoretical and reliable experimental
support, and is in contradiction with physical laws. Dy-
namic analysis methods, on the other hand, utilize wave
mechanics to analyze the hammer-pile-soil system. How-
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ever, uncertainties arise from factors such as the impact
effect of the hammer, and variations in soil strength during
pile driving and loading, which in turn affect the deter-
mination of bearing capacity. It is important to highlight
that dynamic testing methods require the expertise of an
experienced individual, and the estimation of capacity is
only possible after the pile has been driven [18]. Although
pile load tests are widely regarded as the most accurate
and reliable method for ascertaining the bearing capacity
of piles, they are often expensive, time-consuming, and
may not be justifiable for ordinary or small-scale projects.
In recent years, there has been a notable surge in the uti-
lization of in-situ testing techniques in geotechnical design,
driven by advancements in in-situ testing instruments and
enhanced comprehension of soil behavior [7].

However, as stated by previous research [17], it has been
identified that these empirical formulations possess certain
limitations and deficiencies [19]. Consequently, there exists
a significant requirement for the establishment of precise
and reliable models for accurately predicting bearing ca-
pacity in order to facilitate the design of pile foundations,
particularly when dealing with a limited number of easily
determined parameters [20].

Over the course of the past five years, the utilization of
machine learning ( ML ) algorithms has gained significant
traction in addressing real-world challenges, specifically
within the civil engineering discipline. Through the uti-
lization of ML algorithms, numerous practical issues have
been effectively resolved, thereby opening up potential
prospects within the infrastructure sector. Furthermore, a
variety of ML algorithms have been established, such as
the Classification tree, hybrid artificial intelligence meth-
ods, ANN (artificial neural network), ANFIS (adaptive
neuro-fuzzy inference system), and SVM (support vector
machine), to assess technical issues, such as forecasting pile
mechanical performance [16].

The attention surrounding the ANN algorithm for ad-
dressing design challenges in pile foundation has been
noteworthy. As an illustration, Goh et al. [21] displayed an
ANN model that predicted the friction capacity of driven
piles in clays, utilizing field data collection for training.
Similarly, Shahin and Jaksa [22] employed an ANN model
to forecast the loading capacity of driven piles and drilled
shafts, utilizing a data collection comprising in-situ load
tests and CPT results. Additionally, Nawari et al. [23] intro-
duced an ANN algorithm to forecast the settlement analy-
sis of drilled shafts considering Standard Penetration Test
(SPT) data and shaft dimensions. An ANN model was de-
veloped by Momeni et al. [1] to estimate the axial bearing
capacity of concrete piles. The Pile Driving Analyzer (PDA)

data obtained from project sites was utilized for this pur-
pose. Furthermore, an ANN algorithm and Random Forest
(RF) were devised by Pham et al. [16] to estimate the axial
bearing capacity of driven piles. In terms of other ML mod-
els, SVR and Particle Swarm Optimization (PSO − SVR),
a "nature-inspired" meta-heuristic algorithm, have been uti-
lized to forecast soil shear strength [24]. Moreover, Pham
et al. [25] proposed a hybrid ML model that combined RF
and PSO (PSO − RF) to forecast the soil’s resistance to
shear deformation without drainage. These studies have
consistently demonstrated the practicality and efficiency
of utilizing hybrid ML models were evaluated as effective
tools for addressing geotechnical problems, with a specific
focus on the prediction of axial bearing capacity in piles.

In view of the recent advancements in ML, it is im-
portant to acknowledge certain limitations. ML methods
necessitate substantial amounts of structured training data,
which must be manually crafted, and real-time learning of
these skills is not feasible. Additionally, the generalization
capability of ML models remain limited beyond the situa-
tions they faced during the training phase. Consequently,
ML models can only provide accurate predictions within
a specific range of data and may not be applicable in all
scenarios [16].

Numerous studies have successfully utilized various
ML algorithms to estimate the bearing capacity of foun-
dations. For instance, one study employed an ANFIS and
ANN models to estimate the bearing capacity of a thin-
walled foundation. This was achieved by utilizing a dataset
of 150 samples, resulting in a coefficient of determination(

R2) values of 0.875 and 0.71 , as well as root mean squared
error (RMSE) values of 0.048 and 0.529 for ANFIS and
ANN, respectively [26]. In another study, Gaussian Pro-
cess Regression analysis was utilized to calculate the piles’
bearing capability. This analysis utilized a dataset of 296
data rows and achieved an R2 value of 0.84 [27]. Kulka-
rni and Dewaikar [28] combined the GA algorithm with
ANN to model the behavior of rock-socketed piles, utiliz-
ing 132 data points. The resulting model yielded an R2

value of 0.86 and an RMSE value of 0.0093 . In another
study, a hybrid model called PSO - ANN used this dataset
to analyze the behavior of rock-socketed piles. The model
achieved an R2 value of 0.918 and an RMSE value of 0.063
[29]. Additionally, a comprehensive dataset consisting of
472 samples from experimental efforts was considered in
other attempts to develop models [16, 19]. Two different
models were used: a hybrid deep neural network (DNN)
with a genetic algorithm (GA) and a hybrid whale opti-
mization algorithm (WOA) with extreme gradient boosting
(XGB). The GA−DNN model yielded an R2 value of 0.882
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and an RMSE value of 109.965 . On the other hand, the
WOA - XGB model performed significantly better, achiev-
ing an R2 value of 0.97 an RMSE value of 64 during the
training phase, and an R2 value of 0.94 and an RMSE value
of 87.03 during the testing phase.

In summary, the current research has produced signifi-
cant contributions, this can be summed up like this:

• In this investigation, 472 pile test results from the en-
tire dataset are used to build as well as verify algo-
rithms aimed at evaluating the bearing capability of
piles. It is essential to recognize that previous studies
have often focused on restricted datasets. The schol-
arly study on the assessment of the load-bearing ca-
pability of piles has not given sufficient attention to
the exploration of hybrid support vector regression
(SVR) analysis using advanced algorithms, despite
the presence of many proposed models.

• The process of choosing the suitable model, which
involves selecting the proper hyperparameters, has
significant significance. This study introduces and
verifies a novel methodology that integrates the Artifi-
cial Rabbit Optimization Algorithm (ARO) and Black
Widow Optimization Algorithm (BWOA) models with
the SVR technique.

Our review of the literature has highlighted several gaps
that need to be addressed to gain a deeper insight into
the main objective. In order to address these gaps and
build upon the existing knowledge, it is crucial to employ a
robust methodological framework. The following chapter
outlines the research design, data collection methods, and
analytical techniques used in this study. This methodology
is designed to systematically investigate the underlying
factors and provide reliable and valid results.

2. Methodology

2.1. Artificial rabbit optimization (ARO)

2.1.1. ARO theory

The ARO procedure is influenced by the survival mech-
anisms observed in rabbits. Rabbits utilize two primary
methods to ensure their survival: detour foraging and ran-
dom hiding when faced with threats [30]. Detour foraging
involves rabbits avoiding feeding on the grass near their
nests to protect them from predators. In contrast, they
persistently seek out food at a greater distance from their
nests. Rabbits possess a wide field of vision, relying on
overhead scanning to detect food sources over a large area.
This detour foraging strategy can be interpreted as an ex-
ploratory behavior. As the Chinese proverb states, "Rabbits

do not eat the grass near their own nest." Another adaptive
approach for survival employed by rabbits is the act of
concealing themselves in an unpredictable manner. Rab-
bits create multiple burrows in the vicinity of their nests
in order to deceive adversaries and facilitate their getaway.
When threatened, they haphazardly pick one of the dens
as a concealment spot. Rabbits’ physical attributes, such
as abbreviated front limbs, elongated hind limbs, robust
muscles, and resilient tendons, enable them to run swiftly.
They can also confuse their enemies by employing zigzag
motions, sudden stops, and sharp turns. This second strat-
egy can be seen as exploitation. However, rapid running
consumes energy. Therefore, rabbits must dynamically
alternate between indirect foraging routes and arbitrary
concealment strategies, depending on their energy levels.

2.1.2. ARO numerical model

The incorporates the act of searching for food and con-
cealing oneself approaches of real rabbits, taking into ac-
count their energy constraints to transition between these
approaches. The numerical representation of the ARO pro-
cedure consists of three main components: diversionary
foraging (exploration), stochastic concealment (exploita-
tion), and energy constraint. The detailed numerical repre-
sentation of ARO is addressed in [30].

1. Diversionary foraging (exploration)

In the ARO algorithm, every rabbit within the col-
lective is assumed to establish their own territory
with vegetation and underground shelters. The rab-
bits engage in random visits to each other’s positions
to search for food. During foraging, rabbits tend to
gather in the vicinity of a food supply to ensure an
adequate food intake. The ARO diversionary forag-
ing tactic involves each search individual updating
their stance on another randomly chosen subject of
the search within the group while also introducing a
disturbance. The mathematical model for diversionary
foraging in ARO is presented as follows:

−→vl (t + 1) =−→xJ (t) + R ·
(−→xl (t)−−→xJ (t)

)
+ round (0.5 · (0.05 + r1)) · n1,

i, j = 1, . . . , n and j ̸= i

(1)

R = L · c(24) (2)

L =

(
e − e(

t−1
T )

2
)
· sin (2πr2) (3)
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c(k) =

{
1 if k == g(l)

else
0

k = 1, . . . , d and l = 1, . . . , [r3 · d]

(4)

g = rand perm (d) (5)

n1 ∼ N(0, 1)(28) (6)

In the context of the ARO algorithm, the selected lo-
cation of the rabbit with the index i at the time t + 1
is denoted as v⃗l(t + 1), while the location of the ith

rabbit at time t is represented by x⃗J(t). The variables
n and d, respectively, indicate the dimension of the
rabbit community and the aspect of the problem. T
signifies the maximum quantity of cycles, and d • e
represents the ceiling function. The function round is
used to round off to the nearest integer. The function
rand perm generates a randomized arrangement of
numbers ranging covering 1 to d. The variables r1, r2,
and r3 are three arbitrary numbers within the variety
of (0, 1). The variable l denotes the ongoing duration
that determines the rate of motion during diversionary
foraging. Additionally, n1 follows a Gaussian disper-
sion.

Eq. (1) illustrates those searching individuals engage
in arbitrary foraging based on the positions of other
individuals. This behavior enables a rabbit to venture
far from its area and explore the areas of other rabbits.
Notably, a rabbit exploring the nests of other rabbits
instead of the construction of its nests greatly enhances
exploration and ensures the ARO algorithm’s ability
to identify the comprehensive search.

2. Stochastic concealment (exploitation)

In the ARO algorithm, during each cycle, a rabbit cre-
ates d burrows randomly around its current position in
every variable in the problem domain. It then selects
one of these burrows to hide in, reducing the likeli-
hood of encountering an attack. The jth nest of the ith

rabbit is created employing the provided process:

−→
bl,j(t) = xi(t)+ H · g ·−→xi (t), i = 1, . . . , n and j = 1, . . . , d

(7)

H =
T − t + 1

T
· r4 (8)

n2 ∼ N(0, 1) (9)

g(k) =
{

1 if k = j =
0 else k = 1, . . . , d (10)

Based on mathematical Eq. (7), the creation of d burrows
occurs in the vicinity of a rabbit across each dimension. The
concealment variable, denoted as H, undergoes a linear
decrease from 1 to 1/T, accompanied by unpredictable per-
turbations throughout the cycles. This variable governs the
initial production of burrows within a broader vicinity of
the rabbit. As the process advances, the size of this neigh-
borhood gradually diminishes. Rabbits employ a random
selection process to choose a burrow from their available
options for a location for protection. To analytically repre-
sent this stochastic concealment approach, the subsequent
equations are employed:

−→vl (t + 1) = xi(t) + R ·
(

r4 ·
−→
b1,r(t)−−→xl (t)

)
, i = 1, . . . , n

(11)

gr(k) =
{

1 if k == [r5 ·d]
0 else k = 1, . . . , d (12)

−→
b1,r(t) =

−→xl (t) + H · gr · −→xl (t) (13)

In the given context, variable
−→
b1,r(t) denotes a burrow

that is arbitrarily chosen by the ith search individuals for
the purpose of taking cover in its d burrows. The vari-
ables r4 and r5 represent two random numbers within the
range of (0, 1). Referring to Eq. (11), the ith the candidate
will attempt to adjust its location in relation to the arbitrar-
ily chosen underground dwelling from its set of d dens.
Once either the diversionary foraging or concealment is
successfully accomplished, the position modification of the
ith rabbit can be described as:

−→xl (t + 1) =
{ −→xl (t) f

(−→xl (t)
)
≤ f

(−→vl (t + 1)
)

−→vl (t + 1) f
(−→xl (t)

)
> f

(−→vl (t + 1)
) (14)

The aforementioned equation indicates that if the suit-
ability of the potential location for the ith rabbit surpasses
that of the ongoing position. The rabbit will leave its exist-
ing location and settle at the potential location produced
by either Eq. (1) or Eq. (11).

Additionally, the shift from exploring to exploiting is
facilitated through the calculation of an energy parameter
in the ARO algorithm. This energy factor is determined
according to the provided equation, with r representing a
random number within the range of (0, 1) :

A(t) = 4
(

1 − t
T

)
ln

1
r

(15)
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In the ARO algorithm, the behavior of rabbits is influ-
enced by the energy factor A(t). When A(t) exceeds 1 ,
rabbits engage in random exploration to discover foraging
areas during the exploration phase. Conversely, when A(t)
is less than or equal to 1 , rabbits are motivated to exploit
their burrows randomly during the exploitation phase, re-
sulting in random hiding behavior. The transition between
diversionary foraging and concealment is determined by
the value of A. As iterations progress, the energy factor A
decreases, enabling individuals within the community to
switch in the context of diversionary foraging and random
concealment tactics. The current revisions continue prior
to the stopping condition being met, at which point the op-
timal answer is obtained. The algorithmic representation
for the ARO algorithm is presented in Algorithm 1.

2.2. Black widow optimization algorithm (BWOA)

BWOA [31], is an innovative metaheuristic approach de-
signed to tackle complex numerical optimization problems.
Drawing inspiration from the distinctive mating behavior
exhibited by black widow spiders, this algorithm demon-
strates superior performance when compared to alternative
evolutionary algorithms. The remarkable characteristics
of the black widow spider’s mating behavior contribute to
the BWOA algorithm’s ability to converge rapidly while
effectively circumventing local optima. Consequently, the
BWOA algorithm presents a practical and viable solution
for addressing diverse optimization problems character-
ized by numerous local optima.

Due to its relatively recent introduction, the utilization
of this algorithm in the oil industry has been limited. How-
ever, it has demonstrated successful implementation in
optimization endeavors within other domains, including
image segmentation [32] and biotechnology research [33].

In order to determine the optimal solution, the BWOA
algorithm follows a series of distinct steps. Firstly, a ran-
domly generated starting number of black widow spiders
in a given area is established, and the fitness of each individ-
ual is assessed and evaluated accordingly. It is important
to note that within the framework of this algorithm, every
individual black widow spider represents a potential solu-
tion to the given problem, with the position of wells being
explicitly indicated in each spider. Subsequently, spiders
are randomly selected as parents for the purpose of procre-
ation. As a result, a novel iteration emerges, marking the
inception of a new era of black widow spiders, which serve
as potential solutions, through the utilization of BWOA op-
erators such as crossover, mutation, and cannibalism. The
population is then updated based on the newly generated
spiders. This entire process is repeated until the specified

stopping conditions are met.
The initial phase of the BWO algorithm involves the

stochastic generation of an initial population of spiders. In
the context of the BWO algorithm, each spider symbolizes
a prospective solution to the given problem. Subsequently,
the procreation phase is initiated, wherein parent spiders
are randomly selected for formatting. The production of
progeny is governed by the subsequent formula:

y1 = α × x1 + (1 − α)× x2 (16)

Where y1 and y2 represent the offspring, x1 and x2 de-
note the parental individuals, and α symbolizes a randomly
generated array. This process is iterated Nvar

2 times for each
pair of parents. The determination of parent selection is
accomplished through the utilization of the Procreating
Rate (PR) technique, which governs the number of par-
ents chosen. Following the creation of a recent wave of
spiders, the subsequent step involves cannibalism, wherein
the fittest spiders are retained within the population based
on the Cannibalism Rate (CR). Prior to updating the popu-
lation, a mutation phase is executed to ascertain the count
of genetic variations. This iterative methodology continues
until the merging requirement is satisfied. Fig. 1 presents
the flowchart of the BWOA.

It is important to acknowledge the presence of three
distinct forms of self-predation within this computational
procedure. The initial form, known as reproductive self-
predation, transpires when a female black widow spider
consumes a male black widow spider either in the course
of or following the reproductive interaction. The fitness
values of the male and female spiders serve as a basis for
their characterization, with the female typically possessing
a higher fitness value. Following the reproductive phase,
the spider displaying inferior fitness (the male spider) is
eradicated within the population. Additionally, the fitness
level is utilized to ascertain the potency or vulnerability
of juvenile spiders. Fratricidal behavior, an alternative
form of cannibalistic behavior, involves enhanced baby
spiders (those with superior fitness levels) consuming their
weaker siblings. It is worth acknowledging the presence of
a larger quantity of less powerful siblings that are removed
is adjusted by the CR. In certain instances, a third form of
autophagy is noticed, wherein the offspring spiders feed
on their maternal figures.

It is important to acknowledge the presence of three
distinct forms of self-predation within this computational
procedure. The initial form, known as reproductive self-
predation, transpires when a female black widow spider
consumes a male black widow spider either in the course
of or following the reproductive interaction. The fitness
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Algorithm 1. Comparison of time performance and performance with different superpixel methods

−Randomly assign a group o f rabbits Xi(solutions) and assess their f itness (Fit), with
Xbest being the currently discovered optimal solution.
−While the stopping condition is not met,
−for each individual Xi, execute the f ollowing steps :
−Compute the energy f actor A by utilizing the Eq. (15)
If A > 1
−Select an individual rabbit randomly f rom the others.
−Determine R using Eqs. (2)to (6).
−Execute detour f oraging using Eq. (1).
−Compute the f itness Fiti.
−Adjust the current individual′s position using Eq. (14).
Else
−Create d burrows and randomly select one f or hiding by using Eq. (13).
−Implement random hiding using Eq. (11).
−Compute the f itness Fiti.
−Update the individual′s position using Eq. (14).
End If
−Update the best solution f ound thus f ar, Xbest.
End For
End While
-Return Xbest

Fig. 1. The flowchart of the black widow optimization algorithm.

values of the male and female spiders serve as a basis for
their characterization, with the female typically possessing
a higher fitness value. Following the reproductive phase,
the spider displaying inferior fitness (the male spider) is
eradicated within the population. Additionally, the fitness
level is utilized to ascertain the potency or vulnerability

of juvenile spiders. Fratricidal behavior, an alternative
form of cannibalistic behavior, involves enhanced baby
spiders (those with superior fitness levels) consuming their
weaker siblings. It is worth acknowledging the presence of
a larger quantity of less powerful siblings that are removed
is adjusted by the CR. In certain instances, a third form of
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autophagy is noticed, wherein the offspring spiders feed
on their maternal figures.

2.3. Support vector regression (SVR)

The Support Vector Machine (SVM) is a widely used and
promising estimator that was initially proposed in 1995
[34]. The core concept and theoretical framework of SVM
are based on the selection of support vectors, which are
essential in determining how the model is configured as
well as the corresponding parameters. In the context of re-
gression, the construction of an SVM estimator ( f ) involves
a specific procedure, which can be expressed as follows:

f (x) = wφ(x) + b (17)

In the context of the SVM, the weight vector is denoted
as " w " and the bias term as " b ". Additionally, the function
φ represents a mapping from the domain of given data to
a higherdimensional feature region. Vapnik introduced a
mathematical expression improving lenticular efficiency,
incorporating the ε mathematical operation. The numeri-
cal expression for this objective function is elucidated as
follows:

Minw,b,ξ,ξ∗
1
2∥w∥2 + C ∑N

k=1
(
ξk + ξ∗k

)
Subjected to

 yk − WT φ (Xk)− b ≤ ε + ξk
WT φ (Xk) + b − yk ≤ ε + ξ∗k

ξk, ξ∗k ≥ 0
k =

1, 2, . . . .., N
(18)

In the context of this study, the variables ξk and ξk∗

represent the calculation errors determined utilizing the ε

mathematical operation. The parameter C is a beneficial
compromise element that influences the severity of experi-
mental errors. The optimization criterion can be reformu-
lated by employing the Lagrangian multipliers (α, α∗) as
described in the following manner:

max
α,α∗

{
−1/2 ∑N

k,l=1
(
αk − α∗k

) (
αl − α∗l

)
K (Xk, Xl)

−ε ∑N
k=1

(
αk + α∗k

)
+ ∑N

k=1 yk
(
αk − α∗l

)
Subject t0{

∑N
k=1

(
αk − α∗k

)
= 0

0 ≤ αk, α∗k ≤ C

to obtain
N

∑
k=1

(αk − α∗k )K (X, Xk) + b

(19)

In the context of this research, the kernel function is
denoted as " K " and the number of support vectors as " n ".
For this study, the algorithm employed a kernel function

that utilized a radial basis with a scaling factor σ. The radial
basis kernel function can be defined as follows:

K (Xk, Xt) = exp

(
−∥Xk − Xt∥2

2σ2

)
(20)

The parameters of the (SVR) model, namely C, ε, and
σ, were optimized using the ARO, and BWOA algorithms.
The implementation of the SVR modeling was carried out
using MATLAB software.

2.4. Performance evaluation indices

The following statistical metrics have been calculated to as-
sess the models’ performance. A higher level of accuracy is
demonstrated by lower values of RMSE, RAE, RRSE, and
PI. Furthermore, a higher value of R2 indicates superior
performance.

• Coefficient of determination
(

R2)

R2 =

 ∑D
d=1 (md − m) (zd − z)√[

∑D
d=1 (mP − m)2

] [
∑D

d=1 (zd − z)2
]


2

(21)

• Root-mean-square error (RMSE)

RMSE =

√√√√ 1
D

D

∑
d=1

(zd − md)
2 (22)

• Relative absolute error (RAE)

RAE =
∑D

d=1 |md − zd|
∑D

d=1 |md − m|
(23)

• Root relative squared error (RRSE)

RRSE =

√√√√∑D
d=1 (md − zd)

2

∑D
d=1 (md − m)2 (24)

• Performance index (PI)

PI =
1
m

RMSE√
R2 + 1

(25)

The observations, the average of the observations, the
simulations, and the average of the simulations are repre-
sented by the variables md, m, zd, and z in these equations,
in that order. D also displays the overall count of datasets.
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3. Results and discussion

To train and assess the hybrid SVR analysis outlined in
this scholarly article, a dataset comprising static load test
results of driven reinforced concrete piles is utilized. This
dataset, obtained from previous studies [16], consists of
472 entries and is of substantial size, making it suitable
for the development and validation of complex machine-
learning models. The experimental setup involved the use
of hydraulic pile-driving machines to drive precast piles
with closed tips into soil layers, thereby measuring the
capacity of the piles. The input variables considered in
this study include: 1) the measurement of the pile ( In1 in
millimeters), 2) the depth of the initial soil layer in which
the piles are embedded ( In2 in meters), 3) the depth of the
second soil layer in which the piles are embedded ( In3

in meters), 4) the thickness of the third soil layer in which
the piles are embedded ( In4 in meters), 5) the pile top
elevation (In5 in meters), 6) the natural ground elevation (
I6 in meters), 7) the elevation of an additional part of the
pile top ( In7 in meters), 8) the depth of the pile tip ( In8 in
meters), 9) the mean SPT blow count recorded throughout
the whole pile shaft (I9), as well as10) the average SPT blow
count at the pile tip (I10). Table 1 provides a summary of
these ten input factors (referred to as In1 to In10) used for
predicting the dependent variable, which represents the
axial pilebearing capacity.

The dataset, consisting of 472 rows, was divided into
three separate groups: the testing set (also comprising 15%
of the records or 71 rows), the validation set (consisting of
15% of the records, or 71 rows), as well as the training set
(comprising 70% of the records, or 330 rows). The selec-
tion of data points from the larger database was performed
randomly, following a normal distribution. Statistical anal-
ysis was conducted to assess the suitability of the input
parameters. Furthermore, Fig. 2 depicts distribution charts
illustrating the characteristics of the input and output vari-
ables.

The Pearson correlation coefficient serves as a statisti-
cal tool to evaluate the magnitude and orientation of the
association between two variables. It gauges how much of
a consistent linear pattern the data points in a scatterplot
show [35]. The coefficient has a range of -1 to +1 , in which
positive values signify a direct association between vari-
ables, suggesting that the two variables tend to increase
together as one increases. Negative values, on the other
hand, signify an inverse relationship in which a rise in one
variable is accompanied by a fall in another. Values closer
to +1 or -1 suggest a strong linear relationship, while values
closer to 0 suggest a weak or negligible linear relationship.
In this study, the correlation values between the variables

are generally high, with few exceptions (Fig. 3). For in-
stance, there is a strong positive correlation of 0.99 between
In3 and In8. Conversely, the largest negative correlation, -
0.96 , is noted between In2 as well as In5. However, it is
worth noting that the study may have limitations in effec-
tively capturing the effects of major positive or negative
Pearson correlation coefficient variables, suggesting a po-
tential need for a more robust methodology. Nonetheless,
incorporating these variables into models can potentially
enhance accuracy.

3.1. Results

As stated in this study, hybridized SVR models were used
to evaluate the bearing capacity of concrete piles. The hy-
brid models are referred to as SVRARO and SVRBWOA,
were employed to calculate criteria as performance in-
dices by utilizing ARO and BWOA techniques. The as-
sessment and computation of the bearing capacity of con-
crete piles were performed during the stages of training,
validating, and testing the created mechanisms SVRARO

and SVRBWOA techniques, as depicted in Fig. 4. In Fig. 4,
the error distribution is displayed on the right side. To
evaluate the effectiveness of SVRARO as well as SVRBWOA

in predicting the procedure, various metrics including
R2, RMSE, RAE, RRSE , and PI were utilized, as shown
in Table 2. Additionally, the XGB, WOA − XGB, and
GA − DLNN developed models were evaluated for reli-
ability, and effectiveness according to the findings of this
investigation, with a primary focus on their performance.
These research outcomes were compared to those of previ-
ous research studies [16] and [19].

According to the collected data, it appears that both the
SVRARO and SVRBWOA models exhibit considerable po-
tential in accurately predicting the bearing capacity of piles.
During the training phase, the SVRARO model achieved
R2 values of 0.9876 , while during the validation phase,
the values were 0.9778 , and during the testing phase, they
were 0.9874 . Similarly, the SVRBWOA model attained R2

values of 0.9751 during training, 0.9663 during validation,
and 0.972 during testing. However, relying solely on a
single metric for evaluating the reliability of a model is
insufficient. To ensure a comprehensive assessment, it is
crucial to conduct a thorough analysis of various measures,
including but not limited to RSME, RAE, RRSE, and PI.
When comparing the reported percentages for SVRARO

and SVRBWOA across multiple metrics, it becomes evident
that SVRARO exhibits a significant decrease in performance
compared to SVRBWOA. This decline in performance high-
lights the remarkable accuracy demonstrated by SVRARO

in determining the concrete piles’ bearing capability.
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Table 1. Descriptive statistics of variables applied to models.

Phase
Metric

Minimum Maximum Standard
deviation Range Skewness Kurtosis Average Median

Inputs
Diameter of the pile (mm) (In1)

Training 300 400 48.432 100 -0.515 -1.745 362.424 400
Validating 300 400 48.546 100 -0.504 -1.798 361.972 400

Testing 300 400 44.9823 100 -0.9917 -1.0468 371.831 400
The first soil layer that the pile embedded’s thickness (m) (In2)

Training 3.4 5.72 0.491 2.32 0.642 -0.730 3.821 3.45
Validating 3.4 4.45 0.447 1.05 0.372 -1.815 3.794 3.45

Testing 3.4 4.75 0.46495 1.35 0.1379 -1.756 3.87746 3.85
The thickness of the second Soil layer that pile embedded (m) (In3)

Training 1.5 8 1.574 6.5 -0.946 0.517 6.594 7.305
Validating 1.71 8 1.700 6.29 -1.029 0.638 6.532 7.3

Testing 1.66 8 1.83948 6.34 -1.2861 0.92027 6.5569 7.36
The thickness of the third Soil layer that pile embedded (m) (In4)

Training 0 1.69 0.450 1.69 0.893 -0.984 0.321 0
Validating 0 1.13 0.446 1.13 0.856 -1.167 0.326 0

Testing 0 1.22 0.48996 1.22 0.63525 -1.5594 0.38338 0
Elevation of the pile top (m) (In5)

Training 0.68 3.4 0.619 2.72 -0.393 -1.388 2.812 2.95
Validating 1.95 3.4 0.609 1.45 -0.362 -1.700 2.825 2.95

Testing 1.95 3.4 0.60256 1.45 -0.0936 -1.802 2.74225 2.95
Elevation of natural ground (m) (I6)

Training 3.04 4.12 0.080 1.08 1.310 13.141 3.495 3.48
Validating 3.26 3.67 0.078 0.41 -0.203 1.031 3.490 3.48

Testing 3.21 3.72 0.07878 0.51 -0.6016 3.06421 3.50169 3.5
The extra segment pile top elevation ( m) (In7)

Training 1.03 4.05 0.598 3.02 -0.667 -0.982 2.929 3.355
Validating 2 3.58 0.577 1.58 -0.532 -1.458 2.914 3.04

Testing 1.99 4.35 0.61997 2.36 -0.2142 -1.3344 2.87549 2.98
The depth of the pile tip (m) (In8)

Training 8.3 16.09 1.733 7.79 -0.693 -0.014 13.547 14.105
Validating 8.51 15.53 1.848 7.02 -0.798 0.143 13.478 14.1

Testing 8.46 15.62 2.02017 7.16 -1.0291 0.34365 13.56 14.16
Along the pile shaft, the average SPT blow count ( In9 )

Training 5.6 15.41 2.220 9.81 -0.156 -1.234 10.746 10.8
Validating 5.81 13.49 2.291 7.68 -0.203 -1.192 10.653 10.72

Testing 5.76 13.57 2.41719 7.81 -0.4566 -0.9812 10.8177 11.21
The mean SPT blow count at the summit of the pile (In10)

Training 4.38 7.73 0.617 3.35 -1.926 5.366 7.064 7.115
Validating 4.56 7.7 0.685 3.14 -2.111 5.405 7.047 7.2

Testing 4.52 7.75 0.80459 3.23 -1.9101 3.43106 7.02746 7.27
Output

The pile’s axial bearing capacity load (kN)
Training 423.9 1551 354.039 1127.1 -0.090 -1.686 987.007 1068.8

Validating 407.2 1551 360.570 1143.8 -0.028 -1.625 956.177 1056
Testing 423.9 1551 337.617 1127.1 -0.1526 -1.5152 999.186 1119.7

To evaluate the reliability of the models, a thorough as-
sessment was conducted by comparing them with existing
literature, specifically considering the XGB [19], WOAXGB
[19], and GA − DLNN [16] models. Table 2 provides a
comprehensive analysis, revealing that the SVRARO, intro-
duced in this investigation, showed positive results when
compared to earlier studies covered in the body of current

literature. The evaluation employed consistent metrics,
namely R2 and RMSE, for the training, validation, and
testing datasets. The SVRARO model demonstrated higher
R2 values and lower RMSE compared to the XGB [19],
WOA − XGB [19], and GA − DLNN [16] models, indicat-
ing enhanced precision and robustness in its findings. For
instance, the WOA − XGB model exhibited an increase in
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Fig. 2. Distribution of variables introduced to models in the Training, validating, and Testing phases.

R2 from 0.94 to 0.9874 during the testing stage and from
0.97 to 0.9876 during the training stage.

Furthermore, the training stage’s RMSE error measure-

ments showed a decline from 62.74 to 39.395, and the test-
ing stage’s from 87.72 to 38.082 . A detailed evaluation of
the SVRARO model and the GA − DLNN [16] model can
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Fig. 3. Correlation coefficient values.

Table 2. The performance of models.

Data
phase

Metrics Total
scoreR2 Score RMSE Score RAE Score RRSE Score PI Score

Training
SVRARO 0.9876 2 39.395 2 0.0615 2 2 2 10

SVRBWOA 0.9751 1 55.847 1 0.1121 1 0.158 1 0.028 1 5
XGB [19] 0.99 39.64

WOA - XGB [19] 0.97 62.74
GA -DLNN [16] 0.944 83.593

Validating
SVRARO 0.9778 2 53.727 2 0.074 2 0.149 2 0.028 2 10

SVRBWOA 0.9663 1 66.33 1 0.125 1 0.184 1 0.035 1 5
GA − DLNN [16] 0.923 95.118

Testing
SVRARO 0.9874 2 38.082 2 0.0659 2 0.1128 2 0.019 2 10

SVRBWOA 0.972 1 56.48 1 0.122 1 0.1673 1 0.028 1 5
XGB [19] 0.92 101.3

WOA − XGB [19] 0.94 87.72
GA − DLNN [16] 0.887 110.17

be undertaken, considering the improvements observed in
the training, validation, and testing datasets, including an
increase in R2 values and a decrease in RMSE values.

4. Conclusion

The objective of this paper was to scrutinize the practical-
ity of hybridized support vector regression (SVR) models
with the aim of estimating the bearing capacity of concrete
piles. To this aim, a dataset including 472 samples col-
lected from published papers carried out experimental tests.
For this target and employing suggested models, differ-

ent hybridized regression analyses were produced, where
the optimal values of main and determinant attributes of
SVR were explored by several metaheuristic optimization
algorithms such as Artificial Rabbit Optimization (ARO)
and Black Widow Optimization Algorithm (BWOA), called
SVRARO and SVRBWOA. In order to provide a reliable con-
clusion, various statistical criteria should be calculated and
analyzed, as well as evaluating the improvement of ac-
curacy with the literature. The primary findings are as
follows:

The calculated indices as performance indices present
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(a)

(b)

(c)

Fig. 4. Findings of the coupled SVR: (a) Training, (b) Validating, and (c) Testing.

that both hybridized SVR models have reasonable capabil-
ity in the determination of the bearing capacity of concrete
piles. Based on all criteria, SVRBWOA stands in the sec-
ond rank after SVRARO, with gaining the R2 and RMSE
at 0.9751 and 55.847 for training, 0.9663 and 66.33 for val-
idating, and 0.972 and 56.48 for testing sections, respec-

tively. The first rank belonged to the SVR model inte-
grated with the ARO algorithm, where it could gain the
higher value of R2 in all of training

(
R2 = 0.9876

)
, validat-

ing
(

R2 = 0.9778
)
, and testing sections

(
R2 = 0.9874

)
, and

the lowest value of RMSE in all the training (RMSE =

39.393), validating (RMSE = 53.727) and testing sections
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(RMSE = 38.082).
It is evident from the performance of model results that

SVRARO model demonstrated higher R2 values and lower
RMSE compared to the XGB [19], WOA − XGB [19], and
GA − DLNN [16] models, indicating enhanced precision
and robustness in its findings. For instance, the WOA −
XGB model exhibited an increase in R2 from 0.94 to 0.9874
during the testing stage and from 0.97 to 0.9876 during
the training stage. Therefore, the hybridized SVRARO the
model could receive the proper accuracy in comparison
with other models as well as literature.
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