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Abstract

Compressive strength is the ability of materials to withstand loads without deformation or cracking. It is one of the most
important criteria for evaluating the properties of concrete. The use of Fiber-Reinforced Polymers (FRP) to Strengthen
concrete columns and as a supplement to improve some properties of concrete materials has received much attention in
recent decades. Therefore, it is important to investigate and determine the compressive strength of confined concrete with
FRP sheets. In this study, a comprehensive database containing 1066 specimens of concrete cylinders con fined with FRP
sheets has been collected. Then, using machine learning methods, the estimation and evaluation of the compressive
strength of the mentioned specimens were discussed. The artificial neural network of multilayer perceptron (MLP) and
support vector regression (SVR), fuzzy neural inference system (ANFIS), and its combination with particle swarm algorithm
(PSO) and kriging interpolation method are the methods used in this study. Subsequently, these methods were compared
with the models presented in previous studies. The results of this comparison show that the kriging interpolation method
with a correlation coefficient of 0.985 in estimating compressive strength has the lowest error compared to other models.
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Introduction

The use of fiber-reinforced polymers (FRP) enhances the
compressive strength of columns and increases their duc-
tility. FRP were first used in the mid-1980s to strengthen
existing reinforced concrete columns against seismic loads."
During the last two decades, many experimental and ana-
lytical studies have been performed on concrete cylindrical
specimens confined with FRP sheets. The results of these
studies have confirmed the effectiveness of FRP sheets in
increasing compressive strength and ductility. Experimental
and analytical studies in this field include the laboratory
study of Fardis et al.”> in 1982. Experimental studies by
Rousakis et al.® in 2001 and Nani et al.* In 1995 have also
shown that the twisting of FRP sheets strengthens the
compressive strength and ductility of concrete specimens.
Also, many stress—strain models have been proposed to
estimate and simulate laboratory results. In 1988, Mander
et al.’ proposed a model for estimating the ultimate com-
pressive strength and strain of confined concrete with FRP.
Pham et al.® in 2013, Lam et al. In 2003,” Rousakis et al. In
2003 ® presented stress-strain models to estimate and

simulate laboratory results. In 2015, Sadeghian and Pham’
performed an analysis on 518 laboratory specimens. Con-
sidering the actual rupture strain of the confinement, they
presented a model for estimating the compressive strength
of FRP-confined concrete cylinders. Ozbakkaloglu et al.'®
In 2013 investigated the effect of various parameters on the
behavior of concrete. They developed a model that im-
proved the compressive strength and the final axial strain of
FRP-confined concrete. Keshtegar et al.'' developed two
nonlinear empirical models for accurate prediction of the
FRP-confined concrete segments with two optimization
approaches which are used for determining the unknown
coefficients of nonlinear models named dynamical harmony
search'’ and gradient method-based chaos control."?
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Recently, the hybrid artificial intelligent model given from
two calibrating approaches is extended by Keshtegar
et al.”*'® named as response surface method (RSM)
combined by support vector regression (RSM-SVR). The
RSM-SVR method is performed by two machine learning
approaches as RSM applied for connection between input
variables and data handing sets as input for regression
support vector machines (SVR) in the first stage and SVR
applied for main models for a nonlinear relation between
data handling sets provided by RSM and output responses.
This method has acceptable application for concrete
structures as the predictions performances of the ultimate
condition in FRP-confined concrete,'® shear capacity of
steel fiber-unconfined concrete beams,'* a shear load of
reinforced concrete walls,'”” and reinforcing bar de-
velopment length.'® Recently, Seghier et al.'”"'® developed
the hybrid method of SVR combined with optimization
approaches such as Genetic Algorithm (GA), particle swarm
algorithm (PSO) and Whale Optimization Algorithm
(WOA) and these models are applied for the prediction of
the ultimate condition of concrete segment warped by FRP
sheets.'® Seghier et al.'” are applied the machine learning
approaches for predicting maximum pitting corrosion depth
of pipes. In this current work, the authors introduced several
machine learning approaches which are compared with
empirical models for both accuracy and tendency.

Today and in recent decades, the use of artificial in-
telligence methods has become popular. ML (machine
learning) is used for optimization, estimation, etc. purposes.
One of the applications of ML is to use them to determine
the pattern and relationship between statistical and labo-
ratory data. The purpose of these new methods of prediction
is to minimize the difference between laboratory data and
predicted data on various issues.

In 2014, Pham et al.?® used artificial neural networks to
predict the compressive strength and strain of cubic concrete
specimens confined with FRP. In 2010, Sobhani et al.*' used
artificial neural networks (ANN), adaptive fuzzy neural in-
ference system (ANFIS), and regression analysis to predict the
compressive strength of concrete without slump. In 2019,
Moodi et al.** proposed a modified model for determining the
compressive strength of concrete confined with FRP sheets in
circular sections using a genetic optimization algorithm; In
their proposed models, FRP strain efficiency factor (FRP) is
considered as a function of strain ratio, confinement stiffness
ratio, and a combination of the two. Also in 2020, Kamgar
et al.”® used a soft calculation method to estimate the com-
pressive strength of confined concrete cylindrical specimens
using a set of experimental data. Using a back-propagation
feed-forward neural network (FFBPNN), they proposed a new
formula for predicting the compressive strength of confined
concrete cylinders. The experimental and analytical models
presented in previous studies can be more accurately analyzed
to estimate the compressive strength of FRP-confined con-
crete. The application of nonlinear models with flexible

relations is the main challenge for artificial intelligent models.
The nonlinear effects between input variables and output re-
lation may be neglected in the empirical models while they are
simple for application in design codes. The accuracy and robust
prediction are also one of the main contributions of the artificial
intelligent-based models. Therefore, considering the mechanical
and geometric properties such as diameter and height of the
cylinder, compressive strength, and modulus of elasticity of
Unconfined concrete, tensile strength, modulus of elasticity,
thickness, and several turns of FRP sheet as input parameters,
compressive strength is predicted. The results show less error of
the Kriging interpolation method with a correlation coefficient
of 0.985 in estimating compressive strength. Also, Table 1
shows the details of research conducted with different methods
of artificial intelligence. These details include the number of
specimens, the method used, and the type of section.

In this study, 1066 experimental specimens of FRP-
confined concrete cylinders were collected from previous
researches. A large number of specimens has created
a comprehensive database. Then, a complete method with
a minimum difference for estimating the compressive
strength of FRP-confined concrete cylinders is presented.
Multilayer perceptron artificial neural network (MLP) and
SVR, ANFIS, and its combination with PSO and kriging
interpolation method are the methods used in this research.

Experimental dataset used

Given the extensive experiments performed on FRP-confined
concrete, this study includes a statistical population of 1066
FRP-confined concrete cylinder specimens collected from
previous research. The specifications of the specimens are
given in Table 2 of the Appendix. The collected specimens
have a diameter (D) and height (H) in the range of 47—
406.4 mm and 100-812.5 mm with average values of 145.51
and 297.65 mm, respectively. The compressive strength of the
unconfined cylinder (f.,) is in the range of 6.2-204 MPa with
an average value of 53.255 MPa. The FRPs used in this data
are CFRP, AFRP, GFRP, and HM-CFRP which their modulus
of elasticity (Ey) is from 4.9 to 640 GPa with an average of
174.76 and their tensile strength (Fy) is in the range 75—
4900 MPa with an average value of 2707.03 MPa and their
thickness (f) is 0.075-15 mm with an average value of
0.825 mm. One-direct FRP covering was also used to confined
the specimens in a circular direction. 70% of the data were
used for training and 30% for evaluating methods at random.
These data are used to estimate and simulate compressive
strength by the mentioned methods. Appendix Table Al in the
appendix and Table 2 show the statistical characteristics and
the details of the specimens, respectively.

Analytical models of the past researchers

Some researchers have in the past offered relationships to
predict the compressive strength of FRP-confined concrete
cylinder specimens. The effect of confinement on FRP-
confined concrete is shown in Figure 1.



Jamdli et al.

681

Table I. Methods used to estimate the compressive strength of FRP-confined columns.

Study Year Section(s) Method(s) Number of specimens
| Cevik and Cabalar 2* 2008 Circular GP 180
2 Cevik and Guzelbey »* 2008 Circular ANN 101
3 Gandomi et al.%¢ 2010 Circular LGP 101
4 Naderpour et al.?”’ 2010 Circular ANN-BP 213
5 Cevik et al.?® 2010 Circular GP, SR 101
6 Cevik ?* 201 | Circular GP, SR, NF, ANN 180
7 Elsanadedy et al.> 2012 Circular ANN 272
8 Jalal and Ramezanianpour™"' 2012 Circular ANN 128
9 Jalal et al.3? 2013 Circular GP, ANFIS 128
10 Lim et al.® 2016 Circular GP 832
I Mansouri et al.** 2016 Circular ANN, ANFIS 1153
MARS, M5Tree
12 Mozumder et al.*® 2016 Circular SVR 238
13 Cascardi et al.3 2017 Circular ANN 465
14 Mansouri et al.>’ 2017 Circular RBNN, ANFIS-SC 519
ANFIS-FCM, M5Tree
15 Kamgar et al.?? 2020 Circular FFBPNN 281
16 Ahmad et al.*® 2020 Circular ANN 708
17 Keshtegar et al."? 2021 Circular RSM-SVR 780
Table 2. Statistical indicators related to variables.
Variables Min Max Standard deviation  Coefficient of variation
Inputs fco(MPa)-unconfined ultimate concrete strength 6.2 204 34.398 0.645
H (mm) - Height 100 812.8 111.571 0.374
D(mm) - Diameter 47 406.4 53.435 0.367
Ef (GPa) - Modulus of elasticity of FRP 4.9 640 112.87 0.645
Fs(MPa) - Tensile strength of FRP 75 4900 1306.53 0.482
t (mm) - Thickness of FRP 0.057 15 1.185 1.435
Output fe (MPa) - Confined ultimate compressive strength  17.8 38l 50.065 0.539

Regardless of the tangential stresses in the longitudinal
direction of the column specimen and according to the
balance of stresses on the retaining material, the confining
pressure (f,) can be calculated as follows

24fip _ 2EjpEnnpl
.= = : 1
S D D M

In the above relation, D is the diameter of the specimen;
Ej,, is the elastic modulus of FRP materials; # is FRP twist
thickness; and &, ,,, the actual strain of FRP rupture is in the
circular direction and is defined as follows.

Eh,mp - kb'gﬁ‘]l (2)

erpp 18 the ultimate tensile strain of FRP material and
the effective strain factor. These studies considered the
effect of FRP and parameters such as concrete cylinder
diameter, compressive strength of unconfined concrete,
FRP modulus of elasticity, FRP rupture strain, and its
thickness and based on linear and nonlinear regression
methods. To compare soft computational methods with

previous models, these models are presented in Table 3
with model descriptions.

Artificial intelligence methods

Brief on fuzzy system theory

The theory of fuzzy sets was first proposed by Professor
Lotfi a.zadeh.*® The most important aspect of fuzzy logic
is the ability to express and describe the uncertainty of
a parametric or structural type. It is also a new tool for
solving problems for which probability theory has no
way. The fuzzy inference system creates a nonlinear
mapping between input and output, in other words, it
processes the input using a set of rules and converts it to
output. A membership function can be defined for each
input or output. Membership functions are functions that
map the membership value (between 0 and 1) of each
point in the input space.*® Figure 2 shows the steps of
a fuzzy system and the membership functions used in this
research
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Figure I. Confinement mechanism in FRP-confined concrete.’

The fuzzy system used in this research is the Mamdani
system. Due to the visual and interpretive nature of the rules,
this system can be widely used in decision support systems
and is also implemented as multi-input and multi-output and
multi-input and single-output.*’

Fuzzy neural inference system fuzzy neural system

In 1993, Jang first introduced the fuzzy neural model by
combining artificial neural networks and fuzzy systems.
ANFIS is trained with the help of an input and output
database and then, by creating a fuzzy system (FIS), enables
the prediction and estimation of various phenomena in
various sciences. Figure 3 and 4, shows the flowchart of
a ANFIS and PSO process.””

Combining the fuzzy system with the particle
swarm algorithm

In this part, the classic training algorithm of the Mamdani
system has been replaced by the particle swarm algorithm,
which is one of the optimal intelligent algorithms. PSO is
one of the optimization algorithms that operate based on
random production of the initial population. Each member
in this group is defined by the velocity vector and the
position vector in the search space. The motion of a particle
is guided by the velocity of that particle, and finally, by
finding the best value of velocity and location for each
particle, their values are updated using the following
relations™?

D /

V(t+ 1) = V(t) + C1*rand(t)* (pbest(t) — Position(t))
+ C2*rand(t)* (gbest(t) — Position(t1))
3)

Position(t + 1)= Position(t)+V(t +1) 4)

Artificial neural networks

Artificial neural networks are models inspired by the neural
structure of the human brain, which is composed of a large
number of neurons to process information and solve various
problems. The neural network is trained using real data and
its output is guided to achieve the set goal. Activator
functions are mathematical operators that allow a specific
neuron to be activated in the network. Figure 5 shows
a simple model of the neural network and transmission
functions used in this study.

In training a neural network, by finding the appropriate
weight vector (w), bias vector, and minimizing the pre-
determined error, the network output approaches the target.
In this research, the Levenberg—Marquardt algorithm is
used, which is a fast and reliable method based on Newton’s
classical algorithm.

Regression support vector machines

Support vector machine is a type of monitoring system that
is used to classify or estimate the data fitting function, to
create the least error in data grouping or fitting function.
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Table 3. Existing models for compressive strength.

Article Model Description
Wu® 02 _ 2wy
,;‘C:fc‘<o.75+2.7<g> ) fi==p
Pham*® fi. = 0.7f, + 1.8f + 575+ 13 fio 2ffipty
D

Ozbakkaloglu'®

Fahmy* f.=f+kf
41 ) J
Teng .. =f (1 +3.5(p—0.00))p, pc=0.0l
fcc = fc Pk <0.0l
Youssef*?
flo=f]1+225 <f£>
Kumutha*? fl.=f +0.93f
Guralnick**

f = <| + o.ooss%)fc‘ + ki (fia — fio)

alon

ﬁcﬁ<o.6|6+%+ .57

Wu-Zhu
;: —

’0.42
feo

k
fo = ki <0.43 +0.009 FI> beo

C

2Ea0t
Kk = frPJZfCLes

D
fo— 2Eppennupy
la — D
Wt
fi="5"

ki = 4.5f,° f, <40 MPa

ki = 3.75f,,° f, > 40MPa

2y _ Ehrup
=2 p =—

Pk ’ €
( ¢ > €eo
= p
£co

2fipt;
f = 2o
Uit
fi="1"
fo— 2Efipehupt;
’ D
fi = ot

Lam’ flo= 2Efpennpt
fl.=f{1+33 ' b
122 ! __ £l ,
Moodi v =f +afie a; f.<30MPa
o=
(253 fc >30MPa
P
= =
fc £ g
, ‘
ke = f(p) = By + 1300 + 03p + OspPpi
Note . f3,73,43,03,03,®3,113,¢3 are the optimal values obtained from the genetic optimization algorithm, &pnp is actual rupture strain, & is unconfined

concrete strain.

The purpose of this system is to detect the function f'(x) for
training model x, so that it has the highest margin of
training values y and the least error occurs in the test
data.>® The equation of the function is expressed as

follows>*

f)=W'X+b 3)

b is the bias component and W is the weight vector x.
Given that the optimal value should be the maximum dis-
tance from the backup vectors. Therefore, it can be said that >*
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Assuming that the data have the violation value of "+
and " — from their class area, Equation (7) can be rewritten
as follows

] ‘ -
Minimize E||W||2+C ;(&;Jr&ﬂ)

Y,'— WTX,—b§8+§l_
WiX;+b—Y<e+&
& & =20

S.z. 7

Parameter C in this equation actually acts as a penalty
function for data that exceeds the ¢ threshold. When the
data are not linearly separable, the nonlinear space can
be mapped to a linear space using the kernel in the
above page equation (assuming the data space is mul-
tidimensional).>> The equation is thus expressed as
follows

WIX+b=0— W'¢p(X)+b=0 (8)

¢ is called the kernel function and is responsible for
mapping from nonlinear space to linear space. It can
also be expressed in general form K (xi, xj). The
Gaussian kernel function is defined as follows,>* which
has a high computational efficiency and special
performance

K(Xi;Xj) = eXp(_?’“Xi _XiHZ)

where the parameter y represents the spatial distribution
and is one of the parameters of the kernel function.
Figure 6 shows a flowchart and schematic of the SVR
method.
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Figure 4. Flowchart of ANFIS-PSO process and the search mechanism of the PSO.*°

Multilayer perceptron neural network

Multilayer perceptron neural network (MLP) is one of the
most widely used types of neural networks in artificial
intelligence.’® The role of the hidden layer is to process and
make connections between input and output, which is very
important and can be divided into several sublayers.>’
There are several neurons in each layer of the
neural network. The overall behavior of the network

depends on the outcome of the behavior of the neurons.
Input data is transferred to hidden layers along
with weighting to another layer. This is done by
transfer functions.’® These functions are defined as
follows

1
Logsig :f(x) = Tre ©)
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Figure 6. Flowchart and schematic of a typical support vector regression.
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Figure 7. Basic schematic and proposed MLP network for prediction compressive strength.
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Pureline f(x) =x (10)

The training of a Neural network depends on the
number of latent and output neurons, and too much or too
little of this parameter can lead to network error and
wrong training. Also, to ensure the predicted relationship
and find the best answer between inputs and outputs, the
data should be divided into two categories: training and
'[esting.sg‘59 The structure and flowchart of this network
are shown in Figure 7 and 8.

Kriging interpolation method

The original idea of this method was developed by Danie G.
Krige. This method quickly became a common method as
a low-cost simulation method.°® The kriging estimation
method deals with data interpolation based on spatial vari-
ance, which is known as a function of distance this model also
has enough flexibility to represent nonlinear functions. The
kriging method is widely used in reliability assessment and
failure probability issues.’’*> Considering the response
function of G(x), the basic kriging model is created in the
form of equation (12). G(x) consists of two parts; In this
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equation, the first part, F(x.f) and the second part, Z(x), are
regression models and random processes, respectively.®>-**

Gx) =F(xp) +Z(x) + f(0)'f +Z(x)  (11)
where [fi (x) fi (x)...fu(x)]" and 7 = [8,.5,...8,,]" are the

basis functions and the corresponding regression co-
efficient. F(x.f) = F(x.f) + Z(x) is a Gaussian function
with a mean value of zero Covariance is presented as
equation (12)

Cov(p,r) = c’R(0.p.r) (12)

where 02 and R (6.p.r) are selected, respectively, by vari-
ance and Gaussian correlation function between the points
p and r by parameter 6.5

Method setting parameters

This Method setting parameters of the study describes
the setting parameters of the estimation methods used.
Proper and optimal adjustment of neural network pa-
rameters makes the network perform at its best. In an
MLP network, the number of layers, the number of
neurons in each layer and the transmission functions of

each layer are adjustable parameters. Also, the back-
propagation error technique has been used in this net-
work. In the SVR network, parameters such as the
amount of permissible violation of class privacy, penalty
coefficient, kernel function type, and kernel function
parameters play the most important roles in achieving the
optimal answer. In fuzzy network, fuzzy clustering al-
gorithm (FCM) is used, the function of which is in-
troduced in MATLAB software as genfis3. The setting of
the fuzzy method includes the number of clusters, the
type of membership functions of inputs and outputs, the
number of iterations, and the alpha, which is the pa-
rameter for determining the interval of variables in the
particle swarm algorithm. The details of the setting
parameters mentioned are shown in the Table 4.

Discussion and conclusion

Evaluation of the performance of the proposed
estimation methods for predicting
compressive strength

Performance of proposed learning machines for estimating
the compressive strength of FRP-confined cylindrical

Table 4. Details of the parameters of the methods used.
Input Output
MLP | activation activation Training algorithm
functions functions
Logsig Pureline Levenberg-Marquardt
Penalty Violation Kernel Function
SVR coefficient rate
12750 2.85 Levenberg-Marquardt
Membership Function Type
b Basic FIS N.O.Itera N.O.Cluster
2 parameters tion Output Input
E 150 linear gussmf 15
1o
g N.O. population N.O.Iteration
<] PSO Alpha
" parameters
Q
£
70 200 0.8
E‘ Membership Function
“é train_Ste | train_StepS N.O.Epoch N.O.Iteration Type
g pSizelncr | izeDecrease N.O.Cluster
2 ease
2 Output Input
B
<Zt 1.15 0.95 250 150 linear gussmf 20
correlation regression polynomial Threshold for equal
functions
Kriging
Exponential 1 degree le-14
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Table 5. Statistical indicators related to the proposed models for predicting ultimate compressive strength.

Type of network Mean Std MSE RMSE IAE €Total R
Train data MLP 0.001 0.133 128.433 11.333 0.138 9.080 0.971
SVR —0.159 0.046 15.456 3.931 0.051 3.309 0.996
ANFIS-PSO —0.123 0.198 308.170 17.555 0.202 13.222 0.930
ANFIS —0.019 0.123 117.587 10.844 0.126 8.259 0.973
Kriging 0.257 0.041 17.115 4.137 0.026 1.702 0.996
Test data MLP —0.334 0.188 249.590 15.798 0.114 11.921 0.957
SVR —1.423 0.271 465.128 21.567 0.132 13.614 0.920
ANFIS-PSO —0.754 0.225 329.765 18.159 0.132 13.615 0.944
ANFIS 0.277 0.308 379.163 19.472 0.125 12.982 0.936
Kriging —1.298 0.162 194.466 13.945 0.086 8.871 0.967
All data MLP —0.100 0.152 164.803 12.838 0.311 9.953 0.966
SVR —0.538 0.154 150.442 12.265 0.203 6.481 0.969
ANFIS-PSO —0.312 0.207 314.652 17.738 0.419 13.343 0.935
ANFIS 0.070 0.198 196.109 14.004 0.305 9.713 0.960
Kriging —0.210 0.095 70.354 8.388 0.123 3.909 0.985
Table 6. Statistical indicators related to existing models for predicting compressive strength.
Model Mean Std MSE RMSE IAE €Total R
All data Lam —1.596 0.233 507.139 22.520 0.669 16.555 0915
Ozbakkaloglu 1.467 0.229 530.909 23.041 0.656 16.219 0.888
Wu —6.211 0.267 777.237 27.879 0.889 21.992 0.885
Pham 7.084 0.211 454.854 21.327 0.624 15.441 0917
Wu-Zho —1.569 0.216 381.938 19.543 0.583 14.432 0.923
Fahmy 8719 0.210 570.679 23.889 0.727 17.986 0.895
Teng et al. 6.238 0.232 473.155 21.752 0.656 16.236 0917
Youssef 1.508 0.305 700.108 26.460 0.675 16.691 0.883
Kumoto 21.262 0.287 968.091 31.114 0.997 24.652 0.892
Guralnick —9.545 0.256 646.939 25435 0.780 19.290 0.922
Moodi —6.64 1.137 6621.860 81.375 1.923 61.247 0.927
specimens has been evaluated using commonly used in- |exp, — pred;]|
dicators such as mean error, standard deviation (STD), mean I4E = Z S lexp,] 17)
square error (MSE), root mean square error (RMSE), ab- !
solute error (IAE) and ez error, the relationships of which n
can be seen in Equations (14)—(19), respectively. > _lexp; — pred;|
eroa = 100X —— (18)
1 <& > lexpy|
Mean = . Z:(expi — pred;) (13) - ' ! .
In the above equations, 7 is the number of specimens, and
- 3 exp; and pred; represent the final compressive strength values
STD — 1 Z (exp i—P redi) (14) of the laboratory specimens and the specimens using soft
n—1%5 exp; calculations, respectively. These statistical indices for all
. specimens, specimens used in education (70%), and specimens
1 2 used in assessment (30%) are calculated separately in each
MSE = n 21: (exp; — pred;) (15) artificial intelligence method and are presented in Table 5
According to the results in Table 5, in the test samples
1 that were not used to compare the methods during the
RMSE = \/— Z (exp; _P"edi)2 (16)  training, the kriging method has the lowest error with
" a value of 8.871. The error of this method in determining
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Figure I1. Performance of Moodi, Wu- Zhou, and Kriging models in term of compressive strength.

the compressive strength is 34.3, 53.4, 53.4, and 46.3%
less than MLP, SVR, ANFIS-PSO, and ANFIS methods,
respectively. When the difference between the error of
the training and test samples is checked (esr — €sain)
this difference is greater in the kriging method, and in the
ANFIS_PSO method this difference is the smallest.
Therefore, ANFIS-PSO and kriging methods can be
selected as the best method for estimating compressive
strength. Considering all the laboratory data and based
on erewr, IAE, RMSE, and MSE indices, the Kriging
method has the best performance. Also, by comparing
the R parameter, it is observed that the kriging method
has the best results in three categories of total data, test
data, and training data. According to the above com-
parison, it can be said that the kriging interpolation
method has the best performance in general.

The performance of past analytical models in
predicting compressive strength

Based on the results in Table 6, by comparing the statistical
indices of MSE, RMSE, IAE, and e, Mean, Std, the two

relationships Moodi and Wu-Zho have better results than
other models. Also, the value of coefficient of change R for
these two relationships are 0.927 and 0.923, respectively,
which have the highest value compared to other models.
Figures 9-11 shows a comparison of the results of the
mentioned and laboratory models.

Comparison of the performance of artificial
intelligence methods with existing models

Based on the results of the previous sections, among the
proposed estimation methods, Kriging interpolation
method, and from the previous analytical models, Moodi
and Wu-Zho relationship presented the best performance.
Comparing these three methods with each other, it can be
seen that the kriging method has provided better results
with a significant difference compared to the Moodi and
Wu-Zho models. The results show that the use of the
kriging method reduces 64.2, 78.4, and 60.6%, compared
to the Moodi relationship and reduces 38, 63.2, and
32.7%, compared to the Wu-Zho relationship in RMSE,
IAE, and e total errors, respectively. Regarding the R



Jamdli et al.

693
Table 7. Statistical indicators related to best of proposed models versus best existing models for predicting relative compressive
strength.
Type of network Mean Std MSE RMSE IAE €Total R
Train data Kriging 0.257 0.041 17.115 4.137 0.026 1.702 0.996
Moodi 1.591 0.238 365.88 19.128 0.241 15.672 0.825
Wu-Zho 0.421 0.229 328.183 18.119 0.237 15.393 0.815
Test data Kriging —1.298 0.162 194.466 13.945 0.086 8.871 0.967
Moodi —25.84| 0.279 1522.355 39.017 0.399 22.524 0.934
Wu-Zho —6.207 0.183 507.253 22.522 0.234 13.198 0.931
All data Kriging —0.210 0.095 70.354 8.388 0.123 3.909 0.985
Moodi —6.644 0.251 713.044 26.703 0.755 18.672 0.927
Wu-Zho —1.569 0.216 381.938 19.543 0.583 14.432 0.923
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parameter, the kriging interpolation method and the
Moodi and Wu-Zho relationship in the total data section
obtained the wvalues of 0.985, 0.927, and 0.923,
respectively (Table 7).

Taylor diagram

The Taylor diagram compares the correlation values, the
mean square root square error, and the standard de-
viation of the patterns relative to each other and displays
it graphically. As shown in Figure 12, the Taylor dia-
gram is shown for the patterns used in this study. In
general, artificial intelligence methods have the highest
coefficient of R2, the lowest standard deviation, and the
amount of RMSE compared to previous models in es-
timating the compressive strength of concrete. Within
the proposed artificial intelligence methods in this field,
first kriging and then MLP had the best performance.
Other methods also yield good results. It can be said that
both provided acceptable results for estimating com-
pressive strength. Also, by comparing the methods of
artificial intelligence and the previously presented re-
lationships, according to Taylor diagram, it can be seen
that the previous relationships had significant errors
compared to the methods presented in this study and
gave poorer results than the methods of artificial
intelligence.

Conclusion

In this study, a comprehensive database of specimens of
FRP-confined concrete cylinders, from previous studies.
Aiming to find a complete method with a minimal differ-
ence to estimate the compressive strength of FRP-confined
concrete, machine learning methods such as (MLPs),
(SVR), ANFIS, and their combination with PSO algorithm
as well as Kriging interpolation method have been used.

Also, to predict the compressive strength, in addition to
the methods proposed in this study, to compare with other
existing experimental models, the relationships of previous
researchers were collected. This collection contains 1066
specimens. The results of this study can be categorized as
follows:

1. Regarding the estimation of the final compressive
strength, among these methods, the kriging interpolation
method had the lowest error value and showed the
highest R coefficient with a value 0 0.985. The SVR and
MLP networks are in second and third place with R
coefficients of 0.969 and 0.966, respectively.

2. Among the experimental models in the previous studies,
the Moodi and Wu-Zhu relationships had the best results
among the other experimental models with R coefficients
of 0.927 and 0.923.

3. By comparing experimental methods and artificial in-
telligence methods, it was observed that artificial in-
telligence methods were able to reduce the errors of
MSE, RMSE, IAE ,and eTotal errors by 90.1, 68.5, 83.7,
and 79%, respectively, and estimate the ultimate com-
pressive strength more accurately than previous
relationships.

4. Among the two artificial neural network methods used in
this study, the MLP method performed better than the
SVR method, so that the total error rate in the MLP
method is 12.4% lower than the SVR method.

5. Among the fuzzy logic methods, the difference between
the error of the training and test specimens is 0.395 for
combining the neural fuzzy system with the particle
swarm algorithm and 4.723 for the ANFIS method,
which It can be said that the combination of fuzzy neural
system with particle swarm algorithm showed better
performance in estimating the compressive strength of
concrete.
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Appendix 2 ke Effective strain factor
1 FRP twist thickness (mm)
Notation B 13, 03 Optimgl Yalues ob.tained from the genetic
optimization algorithm
D Diameter(mm) Ehrup Actual strain of FRP rupture
Ef Modulus of elasticity of FRP Ehp Ultimate tensile strain of FRP
Jeo Unconfined ultimate concrete ) Unconfines concrete strain
strength(MPa) N3, 03, A3, & Optimal values obtaines from the genetic
feo Confiend ultimate compressive strength optimization algorithm
(MPa) Pe Strain ratio factor
Fr Tensile strength of FRP Pr Stiffness ratio coefficient
Sfia Confining pressure(MPa) D; Optimal values obtaines from the genetic

H Height(mm) optimization algorithm



