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Several empirical and theoretical methods have been used in civil infrastructure to ascertain the deep founda-
tion’s load capacity. The models in this scenario are primarily driven by physical presumptions as well as the
construction of estimations utilizing mathematical frameworks. In this article, innovative design patterns were
developed, and three hybrid adaptive neuro-fuzzy inference systems (ANFIS) optimized with artificial rabbit
optimization (ARO), cuckoo optimization algorithm (COA), and grey wolf optimization (GWO) have been
applied to use experimental data to calculate the driven piles’ bearing capacity (Qt). To increase the optimal
networks’ modeling efficacy, optimization methods were deployed to determine the essential parameters of the
simulations. Also, other algorithms were developed for comparison purposes, such as single ANFIS, support
vector regression (SVR) M5P, multi-adaptive regression spline (MARS), random forests (RF), and random trees
(RT). It was concluded that both ANFIS systems optimized with ARO, GWO, and COA accomplish admirably
among the categories of trains and tests, with a minimum R2 of 0.9285 in the learning dataset and 0.9313 in
the examining dataset, respectively, indicating a strong similarity between experimental and estimated Qt.
Comparing the outcomes of the single and hybrid models, the highest performance belonged to ARO-ANFIS, by
gaining the largest values of correlation metrics and the lowest values of error-based metrics. After examining
the dependability and considering the justifications, the ANFIS paired with ARO outperformed the COA-ANFIS
and GWOANFIS in the Qt of driven piles forecasting model, this is the suggested system.
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1. Introduction

Engineering, particularly geotechnical engineering, uses
empirical and non-empirical methods to calculate deep
foundation-bearing capacity [1–3]. The models in this sce-
nario are mainly driven by physical assumptions and the
process of constructing estimates using algebraic concepts
[4–6]. Calculating non-shallow foundations’ bearing capac-
ities is one of the most challenging problems in geotechnics
to tackle [7–9]. It is typical to discover a variety of methods
to complete this task in the research; however, the preci-
sion of such answers is generally imprecise due to factors
such as the fact that some equations were calculated empir-
ically or unofficially. Foundations are the linking sections

accountable for maintaining any ground-level buildings
[10]. A foundation, is a network made up of the soil’s many
layers that surround and support the foundation as well as
its structural components. The portion of the building that
is in charge of receiving and distributing loads from the
structure to the rock or bottom soil is known as the founda-
tion on which the construction is built [10–12]. According
to Bowles, the soil should be susceptible to sustaining like
loads with no failing or settling to an unacceptable as well
as unfavorable degree, taking its intended use into account
[10]. The building of foundations often necessitates knowl-
edge of both the behavior and stress-related compressibility
of soils and the geological formations of the soils, which
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will underpin the foundation in order to meet these require-
ments [13]. The two main categories of structures that they
support are shallow foundations and deep foundations in
most circumstances. The classification rules adopted by dif-
ferent authors may vary, even if they are based on the same
assumptions. Shallow bases contain a depth more minor
than the base dimension, but deep foundations possess a
base length of more than four times the base dimension [10].
A deep foundation is also one whose base fracture process
does not extend to the ground level. In terms of the second-
largest team, Vesic [14] distinguishes between two different
kinds of deep foundations: the first are foundations imple-
mented through excavation or drilling that do not provoke
meaningful alterations in the adjoined soil, as well as the
second are foundations pressured into the surface through
activities like driving that induce substantial improvements
in bearing soil. The maximum carrying capacity of the deep
must be taken into account [14]. The ultimate capacities
of an isolated pile might well be determined using one of
three methods: static formulas, dynamic equations, or load
trials. Despite much mathematical and practical research
into pile behavior and bearing capacity, their mechanisms
remain a mystery [13, 15]. Multiple the pile point capacity
by soil-pile skin friction to get the final bearing capacity [7,
13]. According to Bowles [10], obtaining a prognostication
of capacity close to real load exam values through its use is
not a common occurrence. A lack of correspondence can
occur due to problems evaluating in-situ soil properties
and their variations in the pile’s proximity just after instal-
lation. Because of the inherent heterogeneity of soil and the
complex pile-soil interactions, accurate planning is difficult
[10]. Fuzzy systems, ANN s (Artificial neural networks) as
well as other machine learning methods have been shown
to be helpful in solving a variety of engineering problems
[9, 15–22]. A comprehensive study of the applicability of
ANN s in geotechnical engineering was published [23].
ANNs has been implemented to simulate pile settlement
[24–26], UBC [27], piles’ lateral deflection [28], the capacity
of pile dynamic [29], as well as the drivability of piles [30].
Goh [31] employed ANN methods to calculate the UBC of
piles. The testing and teaching data’s regression coefficients
of 0.96 and 0.97, in that order, show that their suggested
model can compute UBC. To anticipate the pile capacity
using cone penetration test (CPT) and CPTu data, Ardalan
et al. [32] employed polynomial ANN s and genetic algo-
rithms. It was shown that the highest efficient solution
could properly forecast the pile capacity. Alkroosh et al.
used the least-square support vector machine technique to
calculate the drilled piles’ UBC [33]. Traditional CPT and
gene expression programming (GEP) methodologies were

contrasted with the model’s outcomes. UBC estimations
were better predicted using this method than traditional
methods, according to the model’s performance metrics. To
estimate the UBC of piles, Milad et al. [34] employed soft
computing methods like genetic programming, linear re-
gression, as well as ANN s, and then compared the results.
The analysis indicates that the ANN performed the best
when it came to predicting UBC values. Using 36 pile drive
analyzer tests, a computer system was developed by Milad
et al. [34] to forecast tip resistance and concrete piles. The
top ANN model has correlation coefficients of 0.941, 0.936 ,
and 0.951 for learning, verifying, and assessing data. This
shows that their proposed approach may properly identify
resistances at the shaft and tip.

The friction barrier of piles in clay soil was measured by
Suman et al. [35]. MARS (Multivariate adaptive regression
splines) and FN (functional networks) were employed as
computer simulations, and their performance indicators
were compared to those of the existing systems. The net-
works were validated on experimental observations, as
well as the results showed that MARS and FN were more
resistant to predicting than earlier models. Maizir [36] fore-
casted the piles’ bearing capacity utilizing several MLP
simulations. The pile-driving inquiry data were utilized to
train the model. The most powerful algorithm predicted
pile shaft bearing capacity based on their data. Artificial
Intelligence (AI) design charts were used to determine a
pile’s capacity friction in clay soil [37]. The investigators
utilized a range of nonlinear modeling approaches in their
investigation. The inputs to the models were the soil’s
effective stress and undrained shear strength, as well as
the pile shapes, and the purpose was to ascertain the soil’s
capacity for friction. The accuracy of the ANFIS model (
R = 0.97 ) is superior to that of the SVM(R = 0.89) as well
as GP(R = 0.95) models. To determine the friction ability
of piles on sandy soil, Moayedi and Hayati [37] used a fric-
tion capacity ratio calculator. Particle swarm optimization
and two genetic algorithms improved the performance of
the ANFIS model. According to the decision, the friction
capacity ratio would be the model’s goal. In their analysis,
they discovered that the ANFIS - GA model possessed im-
proved performance metrics regarding R2 as well as RMSE.
The research used Terzaghi’s equations to predict soil car-
rying capacity using index characteristics, shear strength,
and relative depths. MLR (Multiple linear regression) was
utilized to create the model utilizing 30 data sets, and natu-
ral bearing capacity was accurately predicted. Strip, square,
and circular footings had R2 values of 96.98%, 96.93%, and
96.90%, indicating strong model dependability [38]. The
idea was to optimize the configuration of the ANN hy-
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bridized optimization algorithms for soil-bearing capacity
analysis. Applied stress was discovered as the most im-
portant input factor through an unbiased predictor. As the
results indicated, due to the lowest value of RMSE and
MAE, and the highest value of correlation, the electrostatic
discharge algorithm ( ESDA )− ANN model approximated
the training and testing datasets slightly better than the
others [39]. A publication provided a hybrid model that
predicted concrete pile bearing capacity using the whale
optimization algorithm (WOA) and extreme gradient boost-
ing machine ( XGB ). The WOA, which finds the best XGB
settings, improves model accuracy and resilience. Our
hybrid model continuously outperformed deep neural net-
work (DNN) regression and the XGB model by default. In
20 trials, the suggested model reduced RMSE by 12,11.7,
9, and 12% as opposed to the DNN’s 2, 3, 4, and 5 hidden
layer [40].

It has been discovered that the artificial rabbit optimiza-
tion (ARO), cuckoo optimization algorithm (COA) and grey
wolf optimization (GWO) have a positive impact on the
coupling between ANFIS systems [40–43]; So that innova-
tive design patterns may be developed, two hybrid ANFIS
models optimized with ARO, COA and GWO have been
applied in the current essay to calculate driven piles’ bear-
ing capacities using experimental data. This has allowed
for the development of distinctive models of design. To
increase the optimal networks’ modeling efficacy, optimiza-
tion methods were deployed to determine the essential
parameters of the simulations, which were then applied.
To evaluate the optimal model’s performance, new experi-
mental tests and classic equations were conducted.

Optimizing the structures of ANFIS models compared
to other AI models can offer several advantages:

• Optimizing the structure of an ANFIS model can lead
to improved accuracy in predictions or classifications.
By fine-tuning the architecture, the underlying pat-
terns in the data can be more accurately captured by
the model, resulting in enhanced performance.

• Optimization can help in simplifying the structure of
the ANFIS model by eliminating unnecessary nodes or
connections. A more streamlined architecture not only
improves computational efficiency but also makes the
model easier to interpret and understand.

• An optimized structure can lead to faster convergence
during the training process. When working with big
datasets or intricate models, this is especially crucial,
as it reduces the computational time required to train
the ANFIS.

• When a model is very complicated and fits the train-
ing data too closely, it is said to be overfitting and
performs badly when applied to new data. Optimiz-
ing the structure helps prevent overfitting by finding
the right balance between model complexity and gen-
eralization.

• Optimization can lead to more efficient use of com-
putational resources, making the ANFIS model suit-
able for deployment in real-time applications or on
resource-constrained devices.

• The selection of optimization algorithms was based
on their strengths in handling complex, nonlinear op-
timization problems. ARO is adept at balancing explo-
ration (searching for new solutions) and exploitation
(refining existing solutions). This balance makes it par-
ticularly effective for complex scenarios where avoid-
ing local optima is critical. COA is known for its ability
to escape local optima through a combination of Lévy
flight and targeted solution replacement. GWO of-
fers robust convergence capabilities by incorporating
leader-driven solution refinement and diverse explo-
ration phases, where its simplicity and efficiency make
it widely used in engineering applications. These algo-
rithms were chosen because of their complementary
approaches to optimization, ensuring diverse explo-
ration of the solution space and effective convergence
to global optima.

2. Methodology

2.1. Data collection and properties

As previously mentioned, in order to assess the validity of
the final capacity estimations obtained, the research com-
pares load capacity guesses estimated using algorithms
using field load testing-derived load capacities. The sug-
gested methodology was assessed utilizing indicators de-
pendent on the model’s results and field values and com-
pared to real-world load test results. Load capacity, ham-
mer weight, hammer drop height, pile length, and pile
diameter were all included in the project’s set of 232 load
tests done in different countries in the world [44–46]. The
data accumulation includes load experiments reported in
the literature and load tests in the authors’ professional
work according to related standards [47, 48]. To measure
a network’s load capacity (Qt), variables such as hammer
drop height (H), hammer weight (W), pile diameter ( D
), pile length ( L ), permanent penetration of a pile formed
by the final hammer blow (S), and modulus of elasticity (
Ep ) served as the input data. 75% of the data was utilized



486 Yan Peng and Haiquan Gao

for each neural network training, while the remaining 25%
was utilized to assess and validate the topology [49–51].
The gathered data, and even the architecture of the systems
and their attributes, will be displayed in charts and tables.
Table 1 and Fig. 1 depict the features of parameters used in
the creation of algorithms as well as their distribution.

A statistical tool utilized to measure the direction and
strength of a linear relationship between two continuous
variables is the Pearson correlation coefficient. It assesses
how much one variable tends to change when the other
variable changes. To calculate this coefficient, the variables
were standardized by subtracting their means and divid-
ing by their standard deviations. Then, the average of the
product of these standardized values was computed across
all observations. The coefficient ranges from -1 to 1 , where
1 signifies a perfect positive linear relationship (both vari-
ables increase together), -1 signifies a perfect negative linear
relationship (one variable decreases as the other increases),
and 0 indicates no linear relationship. It’s critical to un-
derstand that linear relationships are the only ones that
the Pearson correlation coefficient measures and may not
capture nonlinear associations or relationships influenced
by outliers. According to the result for Qt, Fig. 2 illustrates
that this coefficient among any two components is small
(i.e., < 0.485), which implies that these features rarely cause
multicollinearity difficulties [52]. Between the variables,
there are the largest positive correlations between Qt and
D at 0.826 , followed by W and D at 0.803 , which shows
both variables increase together.

2.2. Models

2.3. COA

The values of decision variables must first be displayed
in an array in order to resolve optimization problems.
We call this array "habitat" in the cuckoo optimization
method. As a result, every natural environment will act
as a nominee answer to an optimization issue. Within
an evolutionary procedure, nominee answers converge
to a globally optimum answer. The natural environment
will be an array of 1 × Nvar dimensions in an Nvar deci-
sion variablebased optimization issue means environment
= [x1, x2, x3, . . . , xNvar ]. The cuckoo’s spatial coordinates
within the decision area are displayed in this array. The
benefit of the natural environment is calculated by assess-
ing these values for every natural environment utilizing
the benefit function

(
fp
)
( profit = fp( habitat )). Decision

variable values are decimal. The cost function ( fc) is able to
simply be decreased by maximizing the benefit function in
Eq. (1) since this method is primarily designed for benefit
maximization issues [53].

rofit = − cost( habitat ) = − fc (x1, x2, x3, . . . , xNvar ) (1)

The following is the Cuckoo optimization method evo-
lutionary procedure: A Npop × Nvar matrix of nominee
natural environments is initially built after specifying the
starting crowd of cuckoos

(
Npop

)
. So an accidental num-

ber of cuckoo eggs are collected from every built natural
environment. In nature, every cuckoo has a number be-
tween 5 and 20 on average. The maximum and minimum
eggs’ number allowed in every natural environment are
represented by these numbers. In reality, of course, cuckoos
discard their eggs as far away from their natural environ-
ments as possible. This most significant interval is referred
to as the egglaying radius in the cuckoo method. The egg-
laying radius for each cuckoo is specified using Eq. (Eq. (2)),
and the total quantity of eggs, as well as the lower ( Var

low ) and higher limits ( Varhigh ) of the decision variable
values. The integer parameter denoted as α, is utilized to
control the egg-laying radius’s maximum value.

ELR = α × No.of.Current,Cuckoo’s.Eggs
Total.Nmuber.of.Eggs

×
(

var high − var low

) (2)

In the following phase, every cuckoo randomly dumps
one egg in the host bird’s lair within its egg-laying radius.
When the egg-laying procedure is completed, the host bird
detects and eliminates the eggs that are not identical to
those of the host bird. Hence, some cuckoo eggs (which
may account for a percentage of the eggs) vanish after
every egg-laying procedure. These eggs can’t converge on
an optimal answer since they are in a low food resource
habitat. Other eggs develop, hatch, as well as are fed by
the host bird while they remain in its lair.

Cuckoo chicks stay in their environment after they have
grown up for a while; however, by the time they’re ready
to lay eggs, they have moved to places with more signif-
icant food resources on the one side, as well as their egg
pattern and color closely resemble those of the host bird in
that area on the other side. Cuckoo migration will settle
in societies with the most significant benefit margins (the
food resources and the greatest living situations). Given
that adult cuckoos are sparingly distributed throughout
their habitats, determining which society every cuckoo be-
longs to is challenging. The cuckoos are grouped using the
K-means clustering technique to dissolve this issue. After
determining every cuckoo cluster, the mean benefit for ev-
ery cluster is appraised. The finest environment is available
in the cuckoo cluster with the greatest mean production.
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Fig. 1. The input’s distribution versus Qt
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Table 1. The characteristics of variables used to build models

Inputs Output
Data Index D W H s L Ep Qt

m kN m mm m GPa MN
Max. 1.80 200.0 3.0 50.0 40.0 42.9450 21.9230
Min. 0.20 13.0 0.30 0.10 3.30 25.0 0.3870

Median 0.60 72.0 1.450 3.0 19.30 29.980 2.850
Train set Avg. 0.6530 60.3520 1.3800 5.4590 19.6440 30.4850 3.6830

Skew. 1.1880 2.1880 0.4130 3.1470 0.1790 0.3380 2.7720
St.d. 0.2850 26.2210 0.5550 7.8910 7.7480 4.9980 3.2180
Kur. 2.8290 11.9910 -0.3570 12.1280 -0.5220 -1.0780 9.6710
Max. 1.80 200.0 3.0 35.0 39.90 44.20470 15.9180
Min. 0.20 13.0 0.3970 0.10 3.0 23.5190 0.3110

Median 0.60 72.0 1.50 2.750 21.1250 30.2750 2.6750
Test set Avg. 0.6710 63.0430 1.3800 6.6140 20.3940 30.8960 3.5790

Skew. 1.2040 2.1420 0.4630 1.6770 -0.0190 0.2630 2.0820
St.d. 0.3040 25.5870 0.6150 7.8830 7.8070 5.1080 2.8830
Kur. 2.0330 13.3680 -0.3870 2.4570 0.0640 -0.8240 5.4160

Fig. 2. The input attribute-corresponding correlation
matrix

Other cuckoo groups have chosen this area as a target habi-
tat and immigration location. Cuckoos do not go through
the target natural environment; instead, they move via se-
lected portions of the destination with a certain deflection.
It should be noted that owing to the inadequate availability
of food, cuckoos get hunted, and the occasional absence of
a proper lair for the growth of chickens, it is necessary to
implement a cuckoo population control parameter. Only
the Nmax Cuckoos, which provide the maximum benefit,
remain alive in the COA for this reason. Entire cuckoo pop-
ulations converge to the finest natural environment in the
ecosystem after multiple iterations in the COA. The host
birds’ eggs, which have the richest food supplies in this

ecology, will most closely resemble those of the cuckoo.

2.4. Gray wolf optimization (GWO)

GWO has effective specifications containing too few adjust-
ing parameters, easy usability, simplicity, flexibility, scala-
bility, and the right balance between the exploitation and
exploration during the time of exploring conducting to de-
sirable isotropy [54]. GWO is according to the grey wolves’
social ranking. There exist four kinds of ranking named
α, β, δ and ω, for reducing superiority. The finest answer is
gained by the alpha wolf. The preying via exploring, sur-
rounding, and striking the hunt is modeled to discover the
optimal answer by balancing exploitation and exploration.

D⃗ω =
∣∣∣C⃗ω ∗ X⃗p(t)X⃗ω(t)

∣∣∣ (3)

X⃗ω,lgw(t) = X⃗p(t)− A⃗ω ∗ D⃗ω (4)

In the equations above,
−→
Xp stands for the target hunt’s

situation vector, t shows the present iteration, Xω,lgw shows
a present plausible situation vector of ω wolf following
every conducting grey wolf, X⃗ω(t) shows the present sit-
uation of the ω wolf, Dω shows the interval of the ω wolf
from a hunt or even conducting wolves determining the
hunt’s perspectives. X⃗ω,lgw is replaced by X⃗ω,α, X⃗ω,β, and
X⃗ω,δ when hunt position Xp is replaced by Xβ, Xδ, and Xα,
respectively. The coefficient vector overrightarrow Aω and
overrightarrow Cω in order to every one of the ω wolves
are computed as below.
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A⃗ω = 2⃗a ∗ −→r1 − a⃗ (5)

C⃗ω = 2 ∗ −→r2 (6)

X⃗ω(t + 1) =
(

X⃗ω,α(t) + X⃗ω,β(t) + X⃗ω,δ(t)
)

(7)

In Eqs. (Eq. (5)) and (Eq. (6)), a⃗ is linearly reduced from
2 to 0 while the iterations’ term (2.0(1t/T) ), where T shows
the iterations’ maximum number, t shows the present iter-
ation, and r⃗1, r⃗2 denotes a vector organized by accidental
values among 0 and 1 discussing the issue dimension. The
hunt’s position as the optimum value of the answer is firstly
not recognized. However, the initial three answers gener-
ating the finest suitable values are intended as α, β and δ

wolves assumed to have the futuristic knowledge about
hunt positions according to the ranking. The actual up-
date of entirely different grey wolves ( ω ) determined by
X⃗ω(t+ 1) is carried out by obtaining the arithmetic average
of the perspective answers readjust utilizing Eq. (Eq. (4))
with perspective to these three wolves. This is presented
in Eq. (7). The hunting treatment of the grey wolves is
simulated by contemplating that α, β and δ wolves are near
the prey.

2.5. Artificial rabbit optimization (ARO)

The protective strategies used by rabbits in the wild are
mathematically described and integrated into an effective
optimizing mechanism in the proposed ARO. This method
handles two simulation techniques: random concealment
and detour foraging. As part of the detour foraging strat-
egy, the rabbit is compelled to consume the grasses near
other people’s nests, which may prevent attackers from
discovering its nest. Furthermore, a rabbit may choose
randomly to hide in any of its own shelters by using the
randomized concealment strategy, which may reduce the
possibility that its enemies may seize it. Furthermore, when
their energy levels dropped, the rabbits would turn from
their detour foraging technique to their random conceal-
ment technique [55].

Each repetition updates the position of every popula-
tion bunny according to the rules of the proposed algo-
rithm, which is then assessed by the fitness function. As
the technique proceeds, the solutions become more refined.
The formula (8) assigns any beginning population site to a
unique place inside the searching region:

Yi = lb + [ub − lb]× rand(1, dim)i = 1, 2, . . . , n (8)

The variable Yi represents the location of the animal lb
and ub represent the maximum and minimum values of
the variables being evaluated, and n and dim respectively
represent the population size and the number of control
parameters in the issue.

Each seeking individual chooses to alter its relative po-
sition to a different searching individual chosen at random
from the swarming and combined perturbation, based on
the ARO’s detour foraging behavior. The intended math-
ematical explanation of the bunnies’ detour foraging is as
follows:

Ri(it + 1) = Yj(it) + Z ×
(

Yi(it)− Yj(it)
)
+ rand

(0.5 × (0.05 + v1))×

SND , i, j = 1, . . . , j ̸= i

(9)

Z = c × L (10)

c(k) =
{

1 if k = g(1)
0 else

, k = 1, . . . , dim and l = 1, . . . , [v2, dim ]

(11)

g = randperm (d), n1 ∼ N(0, 1) (12)

L = sin (2πv3)×
(

e − e((it−1)/Tmax)
2)

(13)

When the time is referring to the present moment, the
new and ancient bunny locations are Ri and Yi, respec-
tively; The standard normal distribution controls SND, and
the distance traveled, denoted as L, represents the veloc-
ity. Here are three randomized numbers within the range
of [0, 1] : v1, v2, and v3.Tmax is the maximum number of
iterations. round and randperm are functions that round
the result to the nearest integer and randomly permute the
numbers from 1 to dim.

In order to have shelter while escaping from adversaries,
rabbits often look for tunnels next to their nest. An addi-
tional formula is given in this regard.

bi,j(it) =Yi(it) + H.G.Yi(it),

i = 1, . . . , n and j = 1, . . . , dim
(14)

H =
Tmax + 1 − it

Tmax
× v4 (15)

G(k) =
{

1 if k = j
0 else k = 1, . . . , dim (16)

v4 is a randomly assigned value between 0 and 1 , and
bi,j is the jth rabbit burrow ( i ). The hiding parameter, H,
increases from 1 to 1/Tmax with a random perturbation
over repetitions. This trait determines where a rabbit will
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dig its initial burrow, which is usually in its wider neigh-
borhood. The more iterations there are, the smaller this
neighborhood becomes.

To live, rabbits need to find a safe location to hide. As
a result, they’re disinclined to choose a hole among many
they must hide in at random in order to escape being found.
The random concealing technique can be expressed mathe-
matically in the following way:

Ri(it+ 1) = Yi(it)+Z×
(

v5 × bi,j(t)− Yi(it)
)

i = 1, . . . , n
(17)

The location of the ith bunny is modified in the fol-
lowing manner once either randomized hiding or detour
foraging is successful:

Yi(it + 1) =
{

Yi(it) f (Yi(it)) ≤ f (Ri(it + 1))
Ri(it + 1) f (Yi(it)) > f (Ri(it + 1))

(18)
The process of transitioning from the first stage of detour

foraging to the subsequent stage of randomized conceal-
ment involves including an energy factor. The following
explanations pertain to the energy component inside this
formula:

A(it) = 4
(

1 − it
Tmax

)
ln

1
r

(19)

2.6. ANFIS (Adaptive neuro-fuzzy inference system)

The ANFIS is recognized as a hybrid machine learning
method utilized in order to accurately plan the solidarity
that exists among the affiliate and forecaster variables [56].
The ANFIS contains the ANN and fuzzy logic’s profits to
get better the forecast and learning abilities of the network.

The ANFIS’s fundamental architecture contained with
Takagi, Sugeno, and Kang (TSK) rule basis learning meth-
ods for two inputs ( X, Y ) and a single result ( y ) is pre-
sented in Fig. 3 Presume that the ANFIS rule basis structure
considering two _then TSK’s rules [57].
Rules 1: If (X is A1) and ( Y is B1 ) then y1 = α1X + β1Y +

γ1

Rule 2: If (X is A2) and ( Y is B2 ) then y2 = α2X + β2Y +

γ2

In the equations above, γ, β and α are discussed as linear
resulting parameters and A1, B1, A2 and B2 are the precon-
ditioned linguistic terms of fuzzy logic. The ANFIS net-
work’s functionality, including five substrate architectures,
is defined as below:

• Substrate 1 (fuzzy substrate): in the fuzzy substrate,
the membership functions and their rates (linguistic
terms) in order to the presented input crisp input ( X, Y

) have been allocated. This fuzzy substrate’s result is
able to be presented as:

O1
ij = φij(X, Y), i = 1, . . . , m and j = 1, . . . , n (20)

In this equation, φij stands for the proper membership
function for the input variables Y and X. The variables de-
fined in substrate one are mentioned as hypothesis parame-
ters, which could differ with several membership functions.

• Substrate 2 (Product substrate): in the product sub-
strate, the input signals from substrate one have been
multiplied with the prod t-norm factor in order to syn-
thesize enough data for a subsequent substrate. The
result of the product substrate
in a mathematical way is able to be observed below:

O2
i = φi(X).φi(Y) (21)

• Substrate 3 (Normalized substrate): every node
dataset gained from the product substrate is normal-
ized by allocating weight function to get better every
fuzzy rule’s firing power, the mathematical way for
summation of firing power of ith the rule is presented
below:

O3
i = ψ̄ =

ψi
ψ1 + ψ2

(22)

• Substrate 4 (Adaptive or de-fuzzify substrate): the de-
fuzzified result of the presented crisp result is able to
be observed by the equation below:

O4
i = ψı fi = ψı (αiX + βiY + γi) (23)

In the equation above, γ, β and α are the ANFIS net-
work’s resulting parameters.

• Substrate 5 (result substrate): in substrate 5, the AN-
FIS’s cumulative result is synthesized utilizing the
de-fuzzified substrate’s result and presented as the
fixed function below.

O5
i =

n

∑
i=1

ψı fi (24)

The resulting parameters’ linear mixture is gained as
the last result of the learned ANFIS network.
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Fig. 3. Architecture of ANFIS

2.7. Coupled ANFISs

The ANFIS is a powerful hybrid model that combines the
adaptability of neural networks with the interpretability of
fuzzy logic. Developing an ANFIS model involved several
key steps, including:

• The dataset containing input-output pairs was gath-
ered. The data was preprocessed by handling missing
values, normalizing or standardizing features, and
splitting them into training and testing sets.

• The fuzzy inference system was defined, including the
number of fuzzy sets and their membership functions
for each input variable. This step involves linguistic
modeling, where domain experts may provide insights
into the membership functions and fuzzy rules.

• The membership functions’ parameters were initial-
ized.

• The ANFIS model was trained using a hybrid learning
algorithm, where RMSE index was considered as an
objective function.

• The initially developed model was reconstructed by
linking with optimization algorithms in order to raise
the prediction accuracy and pace. In the present study,
the ARO, COA, and GWO algorithms were coupled
with ANFIS for these purposes (abbreviated as ARO -
ANFIS, COA - ANFIS and GWO - ANFIS). The trained
hybrid ANFIS models were evaluated using the testing
dataset. By tuning hyperparameters with optimiza-
tion algorithms, it can be enhanced the performance
and generalization capability of ANFIS models, ulti-
mately, improving their accuracy and robustness for
real-world applications. The initialized and tunned
values of parameters are provided in section 2.7.

The computational efficiency of machine learning mod-
els is an important criterion for evaluating their practicality,
especially for large-scale or real-time applications. In this

study, the computation time required for training and test-
ing each model was recorded. The results are summarized
in Table 3.

The analysis reveals that between single models, the
SVR model demonstrated the shortest total computation
time of 30.1 seconds, making it the most computationally
efficient among the tested models. In contrast, the ANFIS
model required the longest time (94.0 seconds) due to the
higher complexity of its structure and optimization process.
Regarding the hybrid algorithms, ARO - ANFIS resulted
the moderate second, but larger than single ones. The
observed variation in computation times is attributed to
differences in model architecture, optimization algorithms,
and dataset size. While computational efficiency is impor-
tant, it should be balanced with accuracy, as some models
with higher computation times may yield more accurate
predictions.

2.8. Evaluators

The following quantitative metrics can be used to assess
the modeling’s dependability (a) Squared Coefficient of
correlation ( R2 ) (Eq. (27)), (b) RMSE error (Root mean
squared) (Eq. (28)), (c) Mean absolute error (MAE) (Eq.
(29)), (d) Relative Absolute Error (RAE) (Eq. (30)),root
relative squared error Error (RRSE) (Eq. (31)), and scatter
index (SI) (Eq. (32)).

R2 =

 ∑D
d=1 (md − m̄) (zd − z̄)√[

∑D
d=1 (mP − m)2

] [
∑D

d=1 (zd − z̄)2
]


2

(25)

RMSE =

√√√√ 1
D

D

∑
d=1

(zd − md)
2 (26)

MAE =
1
D

D

∑
d=1

|zd − md| (27)

RAE =
∑D

d=1 |md − zd|
∑D

d=1 |md − m̄|
(28)

RRSE =

√√√√∑D
d=1 (md − zd)

2

∑D
d=1 (md − m̄)2 (29)

SI =

√(
1
P

)
∑P

p=1
((

yp − ȳ
)
− (tP − t̄)

)2(
1
P

)
∑P

p=1 tp
(30)

D is the number of data collected; mP and m̄ are the
actual values and their average; zP and z̄ are the simulated
values and their average; and so on.



492 Yan Peng and Haiquan Gao

Table 2. The initialization procedure and tunned values

Methods Principal or tunned terms Initial or tunned values

COA

Maximum iteration number 100
Count of runs 10

Quantity of populations 30
Levy Flight Exponent [1, 3]

GWO

Maximum iteration count 100
Count of runs 10

Quantity of populations 40
a [2, 0]

ARO
Maximum iterations count 100

Count of runs 10
Quantity of populations 45

COA - ANFIS

The total count of fuzzy rules 15
The total count of MFs 24

Epoch number 40
Type of MF trimf

Shape of fuzzy developed structure Sugeno

GWO-ANFIS

The total count of fuzzy rules 18
The total count of MFs 23

Epoch number 40
Type of MF trimf

Shape of fuzzy developed structure Sugeno

ARO-ANFIS

The total count of fuzzy rules 32
The total count of MFs 28

Epoch number 40
Type of MF trimf

Shape of fuzzy developed structure Sugeno

Table 3. Computation time for each model

Model Total Time (s) Model Total Time (s) Model Total Time (s)
ANFIS 94.0 ARO - ANFIS 139.2 RF 38.4

COA - ANFIS 178.3 M5P 58.0 RT 45.6
GWO - ANFIS 112.4 MARS 50.0 SVR 30.1

3. Results and justifications

In the present essay, to develop innovative design patterns,
three hybrids ANFIS models optimized with ARO, COA,
and GWO have been applied in the current article that
uses experimental data to calculate driven pile bearing
capacity. This has allowed for the development of unique
design models. To increase the optimal networks’ modeling
efficacy, optimization methods were deployed to determine
the essential parameters of the simulations, which were
then applied.

The implications of the blended ANFIS systems, abbre-
viated as ARO - ANFIS, COA - ANFIS, and GWO - ANFIS,
to determine the driven piles Qt ’s load capability was
collated and argued in the following part. After much
deliberation, it was decided to divide the data into two
subgroups at random: an analyzing portion and a train-
ing part, with 25 and 75% of the sample allocated between
them. Fig. 4 indicates the interaction between the produced
and real Qt. Fig. 5 presents the violin plots of the three

developed models. In order to justify the robustness and
reliability of creating networks, several reasoning criteria
have been examined and investigated in data mining re-
search. A number of measures, including R2, RMSE, MAE,
RAE, and RRSE, were compared and computed in order
to reach this superiority (Table 4). An additional scoring
method was devised to find the best framework based on
the summing of received ranking scores (TRS), where the
value of R2 is higher, and as MAE, RMSE, RAE, and RRSE
are lower, the allocated score will be significant. In order for
extra validation, six single algorithms were also developed,
such as single ANFIS, M5P, MARS, RF, RT, and SVR.

In addition to quantitative productivity indicators like
R2, RMSE, MAE, RAE, and RRSE, it is evident that both
ANFIS systems optimized with ARO, GWO and COA ac-
complish admirably in categories of the test and train, with
a minimum R2 of 0.9285 in the learning dataset and 0.9313
in the examining dataset, respectively, indicating a strong
similarity between experimental and estimated Qt. Com-
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paring the results of the single and hybrid models, it is
obvious that the highest performance belonged to ARO -
ANFIS, by gaining the largest values of correlation metrics
and the lowest values of error-based metrics. The values of
R2 for outperformed model equal to 0.9882 and 0.98 related
to ARO − ANFIS for the training and testing stages, re-
spectively. Considering other error-based metrics, the same
behavior is validated with superiority of ARO - ANFIS, by
receiving smaller values of RMSE, MAE, RAE, RRSE, and SI
respect to other models. Regarding the second-best model,
it is clear that the GWO - ANFIS system’s results are near
to the best model with slight differences, followed by COA
- ANFIS. Although the COA - ANFIS’s performance was
weaker than the other two hybrid ANFIS models, its accu-
racy was higher than single ANFIS and the single analysis.

The error percentage distribution plots for developed
models in the testing and training phases are provided in
Fig. 6 These plots provide a visual representation of the ac-
curacy of prediction methods by showing the distribution
of prediction errors. By observing the spread and shape of
the distribution, one can gain insights into the magnitudes
of errors produced by the prediction method. These plots
facilitate comparison between different prediction meth-
ods. Also, error percentage distribution plots can be used
as a quality assurance tool during model development and
validation. Deviations from expected error distributions
can indicate potential issues with the model or the data.
It is worth mentioning that the narrower the distribution
with a higher peak point, the higher the accuracy. It is
obvious from this figure that the ARO ANFIS system con-
cluded the best performance by narrower distribution and
restricted upper and lower bounds. After this, the perfor-
mance of GWO - ANFIS is roughly similar to ARO - ANFIS
but slightly weaker. Finally, the workability of the COA -
ANFIS depicted the wider normal distribution and smaller
peak point around zero percentage.

A Taylor diagram is a graphical tool used for assess-
ing the performance of prediction methods, particularly in
comparison to a reference dataset. The purpose of a Taylor
diagram is to visually represent how well a set of predic-
tions matches the observed data across multiple statistical
metrics simultaneously. Taylor diagrams allow for the si-
multaneous comparison of multiple statistical metrics, like
root mean square error (RMSE), correlation coefficient, and
standard deviation. This provides a comprehensive assess-
ment of prediction accuracy beyond a single metric, giv-
ing a more nuanced understanding of model performance.
Moreover, Taylor diagrams facilitate the comparison of mul-
tiple prediction methods on the same plot, making it easy
to see which method performs better regarding accuracy

and variability across different metrics. When developing
prediction models, Taylor diagrams can be used to assess
the impact of model improvements or parameter tuning
by comparing diagrams before and after the changes. The
developed models’ comparison is provided in the Taylor
diagram for the training and testing stages (Fig. 7). The
closer the point to the reference point, the higher the accu-
racy. It is understandable from these figures that the ARO -
ANFIS could obtain a closer point to the reference point in
both train and test stages, than GWO - ANFIS, followed by
COA ANFIS.

4. Conclusions

It has been discovered that the artificial rabbit optimization
(ARO), cuckoo optimization algorithm (COA) and grey
wolf optimization (GWO) have a positive effect on the cou-
pling between ANFIS system; so that innovative design
patterns may be developed, two hybrid ANFIS models
optimized with ARO, COA, and GWO have been used
in the present article to use experimental data to estimate
the driven piles’ bearing capacity. To improve the mod-
eling efficacy of the best networks, optimization methods
were deployed to determine the essential parameters of the
simulations, which were then applied. Also, other algo-
rithms were developed for comparison purposes, such as
single ANFIS, support vector regression (SVR) M5P, mul-
tiadaptive regression spline (MARS), random forests (RF),
and random tree (RT). In order to measure a network’s
load capacity (Qt), variables like hammer drop height (H),
hammer weight (W), pile diameter (D), pile length (L),
permanent penetration of a pile formed by the last hammer
blow (S), and modulus of elasticity ( Ep ) has been utilized
as input data. It was determined to split the material into
two groups at random, one for analysis and the other for
training, with 75% and 25% of the data distribution going
to each group. The following are the primary findings:

• In addition to quantitative productivity indicators like
R2, RMSE, MAE, RAE, and RRSE, it is evident that
both ANFIS systems optimized with ARO, GWO and
COA accomplish admirably among the categories of
trains and tests, with a minimum R2 of 0.9285 in the
learning dataset and 0.9313 in the examining dataset,
respectively, indicating a strong similarity between
experimental and estimated Qt.

• Comparing the results of the single and hybrid models,
it is obvious that the highest performance belonged
to ARO - ANFIS, by gaining the largest values of cor-
relation metrics and the lowest values of error-based
metrics. The values of R2for outp erformed model
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(a)

(b) (c)

Fig. 4. The outputs of systems: a) GWO - ANFIS, b) COA - ANFIS, c) ARO - ANFIS

(a) (b)

Fig. 5. The violin plots of the Qt values from observations compared to those of developed models.

(a) (b)

Fig. 6. The performance of systems considering error percentage, a) Train, b) Test



Journal of Applied Science and Engineering, Vol. 29, No 2, Page 483-498 495

Table 4. The workability of generated systems

Category Metric
Frameworks

ANFIS COA-ANFIS GWO - ANFIS ARO - ANFIS M5P MARS RF RT SVR

Train

R2 0.9011 0.9285 0.977 0.9882 0.8109 0.8333 0.9037 0.8017 0.9174
Rank score 1 2 3

RMSE 1.1304 0.9249 0.505 0.357 0.8575 0.8146 0.4434 0.9585 0.8573
Rank score 1 2 3

MAE 0.8956 0.7117 0.2939 0.1876 0.8575 0.8146 0.4434 0.9585 0.5257
Rank score 1 2 3

RAE 0.5025 0.3492 0.1442 0.0921 0.4208 0.3997 0.2176 0.4704 0.2583
Rank score 1 2 3

RRSE 0.3961 0.2874 0.1569 0.1109 0.438 0.4104 0.3107 0.4453 0.2974
Rank score 1 2 3

SI 0.2855 0.2511 0.1371 0.0969 0.3828 0.3586 0.2715 0.3891 0.2395
Rank score 1 2 3

Test

R2 0.9089 0.9313 0.9643 0.98 0.8696 0.9125 0.9088 0.8163 0.7687
Rank score 1 2 3

RMSE 1.092 0.89 0.5686 0.4226 1.0512 0.9305 1.0532 1.2372 1.632
Rank score 1 2 3

MAE 0.853 0.6684 0.3181 0.2084 0.738 0.711 0.4995 0.9317 0.753
Rank score 1 2 3

RAE 0.4902 0.3284 0.1563 0.1024 0.3625 0.3493 0.2454 0.4577 0.3695
Rank score 1 2 3

RRSE 0.3199 0.3087 0.1973 0.1466 0.2937 0.26 0.2943 0.3457 0.5071
Rank score 1 2 3

SI 0.2811 0.2487 0.1589 0.1181 0.2937 0.26 0.2943 0.0.3457 0.4431
Rank score 1 2 3

Total ranking score 12 24 36

equal to 0.9882 and 0.98 related to ARO - ANFIS for
the training and testing stages, respectively.

• Considering other error-based metrics, the same be-
havior is validated with superiority of ARO - AN-
FIS, by receiving smaller values of RMSE, MAE, RAE,
RRSE, and SI respect to other models. Regarding the
second-best model, it is clear that the GWO - ANFIS
system’s results are near to the best model with slight
differences, followed by COA - ANFIS . Although
the COA - ANFIS ’s performance was weaker than
the other two hybrid ANFIS models, its accuracy was
higher than single ANFIS and the single analysis.

• It was obvious from error percentage distribution plots
that the ARO - ANFIS system concluded the best per-
formance by narrower distribution and restricted up-
per and lower bounds. After this, the performance of
GWO - ANFIS is roughly similar to ARO - ANFIS but
slightly weaker. Finally, the workability of the COA
ANFIS depicted the wider normal distribution and
smaller peak point around zero percentage.

• The developed models’ comparison provided in the
Taylor diagram for the training and testing stages
showed that the ARO - ANFIS could obtain the closer
point to reference point in both train and test stages,
then GWO - ANFIS, followed by COA - ANFIS.

• After examining the dependability and considering

the assumptions, it is clear that the ANFIS paired with
ARO outperform the COA-ANFIS and GWOANFIS,
which is the system that the Qt of driven piles forecast-
ing model recommends.
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