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-e shear strength prediction of fiber-reinforced polymer- (FRP-) reinforced concrete beams is one of the most complicated issues in
structural engineering applications. Developing accurate and reliable prediction models is necessary and cost saving. -is paper
proposes three new prediction models, utilizing artificial neural networks (ANNs) and gene expression programming (GEP), as
a recently developed artificial intelligent techniques, and nonlinear regression analysis (NLR) as a conventional technique. For this
purpose, a large database including 269 shear test results of FRP-reinforced concrete members was collected from the literature. -e
performance of the proposed models is compared with a large number of available codes and previously proposed equations. -e
comparative statistical analysis confirmed that the ANNs, GEP, and NLR models, in sequence, showed excellent performance, great
efficiency, and high level of accuracy over all other existingmodels.-eANNsmodel, and to a lower level the GEPmodel, showed the
superiority in accuracy and efficiency, while the NLR model showed that it is simple, rational, and yet accurate. Additionally, the
parametric study indicated that the ANNsmodel defines accurately the interaction of all parameters on shear capacity prediction and
have a great ability to predict the actual response of each parameter in spite of its complexity and fluctuation nature.

1. Introduction

Although the behavior of steel-reinforced concrete (RC)
members in shear has been extensively studied for more than
one hundred years, and after numerous research challenges
on shear behavior and on identification of the complex shear
resistance mechanism of RC members, still there is an ab-
sence of comprehension and agreement on the mechanisms
and behavior of shear resistance. While the behavior of steel-
RC members in shear is an area of concern, the behavior of
fiber-reinforced polymer-reinforced concrete (FRP-RC)
members has additional complications due to their different
mechanical properties [1]. Many important issues related
to shear problems of FRP-RC members still remain with-
out in-depth investigations and become open to discussion.
Moreover, past investigations [2–4] inferred that the present
shear design equations are exceptionally conservative in

predicting the shear capacity of FRP-RC beams. Conse-
quently, the extra amount of FRP used to resist shear could
be both costly and likely to create reinforcement congestion
problems, and therefore, this study was motivated.

-e shear strength of RC beams without web re-
inforcement was observed to be influenced by several var-
iables, such as concrete strength (fc′), shear span-to-depth
ratio (a/d), beam depth (d), longitudinal reinforcement ratio
(ρf ), and beam width (bw) [5, 6]. Additionally, for FRP-RC
members, the type of FRP rebar and their variable me-
chanical properties, like low elastic modulus (Ef ), high
tensile strength, and low transverse shear strength, are other
factors that should be taken into account.

Albeit many theoretical and empirical studies have been
conducted to predict the shear strength of FRP-RC members,
and to investigate the interaction between influencing pa-
rameters on shear strength mechanisms, up to date there is no
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general agreement on a specific model. -e vast majorities of
the existing shear design equations have different forms and do
not give a reliable factor of safety against shear failure; addi-
tionally, there is no general agreement between the existing
codes and equations on the parameters affecting the shear
capacity. -is controversy in predicting models may be at-
tributed to twomain reasons; firstly, there is no comprehension
theory on shear failure due to its complicated behavior and
failure typewhich is sudden and catastrophic, and secondly, the
existence wide variability in mechanical properties of FRP bars.
-erefore, some existing predicting models were developed
based on modifying the different theories which is originally
proposed for steel-RC members and others are empirical or
semiempirical models which were proposed based on a limited
data; for instance, the ACI 440 algorithm was calibrated based
on the test results from 326 steel-RC specimens and 44 FRP-RC
specimens and the latter having a maximum effective depth of
360mm. An alternative to classical and conventional methods
for the prediction of complicated problems in various disci-
plines, such as the shear strength of FRP-RC members, is the
utilization of artificial intelligence techniques like artificial
neural networks (ANNs), fuzzy inference system (FIS), and
genetic programming (GP). -roughout the most recent two
decades, these methodologies have been prominent and ef-
fectively utilized as a part in an extensive variety of scientific
applications particularly in civil engineering disciplines.

Recently, several studies have been performed on using
different artificial intelligence techniques for predicting the
shear capacity of FRP-RC members without stirrups. Kara [7]
utilized gene expression programming (GEP) to obtain
a simple model based on a set of 104 databases. Bashir and
Ashour [8] suggested a model based on ANN using a set of 128
databases. Nasrollahzadeh and Basiri [9] developed an FIS to
predict a model depending on a 128 database. Lee and Lee [10]
used a database of 110 samples to propose a theoretical model
utilizingANN.Golafshani andAshour [11] introduced amodel
using a new technique of biogeography-based programming
based on an experimental database of 138 test specimens. Most
of these studies proposed good models with a high level of
accuracy; however, they used relatively a small size of a data-
base. -e size of the database used for training and testing the
models plays a great role in the success of proposed models.

-e present research aims to propose three new models to
predict the shear strength, Vc, of FRP-RC slender beams
without stirrups based on utilizing ANNs and GEP as artificial
intelligence techniques and nonlinear regression analysis
(NLR) as a conventional technique. -ese techniques were
chosen due to the fact that the ANNs and GEP are powerful,
accurate, and highly efficient tools in the model prediction of
complicated problems, while the NLR is a classical tool which
can be used to derive a simple, rational, and yet accurate
model. -e main affected parameters on shear strength are
considered in modeling process which are fc′, d, bw, a/d, ρf ,
and Ef . -e three models are derived using the largest col-
lected database from the literature of (269) test specimens.-e
results of obtained models are compared to a large number of
codes and proposed equations from the literature to examine
their accuracy, validity, and efficiency. Additionally, a para-
metric study was conducted to indicate and compare the effect

of all parameters on shear capacity predicted by the proposed
models and different well-known codes.

2. Reviews of Available Shear Design Equations

-e last two decades witnessed development and rapid in-
crease of using FRP-reinforcement for concrete structures;
therefore, there are universal endeavors to create prediction
models. -ese endeavors have brought about distributing
a few codes and outline rules. However, there is no agreement
in regards to shear configuration models among all available
codes and guidelines. Table 1 provides a summary of the shear
design equations for FRP-RC members without stirrups.

Most of the available shear design equations of FRP-RC
members have been developed by modifying the existing
equations adopted by design codes for steel-RCmembers.-e
methods of modification tried to cover the major changes in
material properties by taking into account the effect of the
lower elastic modulus, higher tensile strength, lower trans-
verse shear strength, and no yielding criteria in the FRP rebar.
Nevertheless, the relatively large variations in mechanical
properties such as tensile strength, elastic modulus, bond
properties, and transverse shear strength between the dif-
ferent FRP types have made it hard to precisely predict the
shear capacity. Furthermore, the procedure that adopted by
various codes, manuals, and guidelines to predict the shear
strength are significantly different, and most of them are
empirical and based on a limited set of test results. Conse-
quently, some of the design models are quite conservative,
whereas others sometimes yield unconservative results [3, 22];
as well as these equations are differing from each other in
considered parameters. On the contrary, the design model
that does not consider the effect of known parameters would
lack generality, and its applicability to general design situa-
tions would be dubious [23]. -erefore, there is a need to
develop shear design equations which will consider the effect
of all parameters; as well as it will be accurate, consistent, and
simple to use for the general application.

3. Collected Databases

For the purpose of this study, an extensive survey of the
open literature was conducted and a large database con-
taining the test results of a large number of 269 FRP-RC
beams and one-way slabs were assembled. -e database of
the specimens were collected from 42 different references,
reinforced with FRP rebars without transverse re-
inforcement, and only those that failed in the shear mode
was compiled [1–3, 20, 22, 24–60]. Only slender beams and
one way slabs with a/d ≥ 2.5 were considered in this study.
-e specimens included 230 beams and 39 one way slabs; all
were simply supported and were tested either under three
points or four bending points. -e details of the specimens
that were used as a database are shown in Table 2.

4. Artificial Neural Networks (ANNs)

4.1. General Background. In its most broad frame, a neural
network is a machine that is intended to demonstrate the
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manner by which the brain plays out a specific errand or
function; the system is generally executed by utilizing
electronic parts or is mimicked in programming on an
advanced PC. -e ANNs perform helpful calculations and
simulate complex modeling through a procedure of learning
similar to that of the human brain. ANNs do not represent
the sophistication, complication, and multifaceted nature of
the brain, as the simulated neurons are substantially more
straightforward than natural neurons in the area of recog-
nition, efficiency, control, and learning. Nonetheless, ANNs
are similar to the brain in two main points; first, the building
squares of the two systems are straightforward computa-
tional tools which are exceedingly interconnected; second,
the connections between neurons decide the task of the
networks [61, 62].

ANNs are made out of numerous interconnected pro-
cessing units operating in parallel. Each processing unit
keeps some data locally, can play out some basic calculations,
can have numerous input data and, however, can send just
a single output.-e ANNs have the ability to react and create
the relating response and to adjust to the changing condition
by learning from experience [63].

Generally, ANNs are trained, with the goal that specific
input data prompt a particular target output. -e network is
balanced, in view of an examination of the output and the
target, until the networks yield the objective. Gradually
training the network modifies the weights and biases re-
quired after the introduction of every individual input
vector. ANNs have been prepared to perform complex
functions in different fields of application including bi-
ological, engineering, business, financial, manufacturing,
medical, andmilitary. Today ANNs can be prepared to tackle
issues that are troublesome for regular PCs or human beings
[64]. -e drawback of the ANNs modeling is that it is not as
simple as ordinary design provision, where it is consist of
regularly numerous small units; therefore, simple calcula-
tions of the ANNs models are excessively monotonous, and
usually, computers are needed for calculations.

4.2. Back Propagation ANNs. -e multilayer perceptron,
trained through the back-propagation algorithm, is nowa-
days the most broadly utilized neural networks. -e term
back propagation neural networks (BPNNs) alludes to

Table 1: Shear design equations for FRP-RC beams without stirrups.

Reference Provisions

[12] Vc � (2/5)

��

fc′


bwc, c � kd, k �

������������

2ρfnf + (ρfnf )
2



− ρfnf , ρf � Af /(bwd)

[13] Vc � βdβpβnfvcdbwd/cb; fvcd � 0.2(fc′)
1/3 ≤ 0.72 N/mm2; βd � (1000/d)1/4 ≤ 1.5; βp � ((100ρflEfl)/Es)

1/3 ≤ 1.5 βn � 1.0 for
sections without the axial force, cb � member safety factor, cb � 1.3

[14] Vc � 0.79(100ρw(Ef/Es))
1/3(400/d)1/4(fcu/25)1/3bwd (100ρw(Ef/Es)) should not be taken greater than 3, and (400/d)1/4

should not be taken if less than 1 for members with shear reinforcement

[15]
Vc � 2.5βφcfcrbwdv; β � (0.4/(1 + 1500εx))(1300/(1000 + Sze)); εx � (Mf/dv+Vf+0.5Nf

)/(2(EfAf)) � ≤ 0.003;
Sze � ((35Sz)/(15 + ag))≥ 0.85Sz, where fcr � 0.4

��
fc


fc ≤ 69 N/mm2

[16]

Vc � 0.2λφc

��

fc′


bwd
������
Efl/Es



For sections with an effective depth greater than 300mm, the concrete shear resistance, Vc, is taken as

Vc � (260/(1000 + d))λφc

��

fc′


bwd
�������
(Efl/Es)


≥ 0.1λφc

��

fc′


bwd
�������
(Efl/Es)


;

�������
(Efl/Es)


≤ 1.0

Where λ � modification factor for density of concrete and φc � resistance factor for concrete

[17]

VRd,ct � 1.3(Ef/Es)
1/2τRdk(1.2 + 40ρ1)bwd

Satisfying the limitation: 1.3(Ef/Es)
1/2 ≤ 1 VRd,max � 0.5vfcbw0.9dv � 0.7−fc/200≥ 0.5

Where τRd � design shear stress, MPa, defined as 0.25fct; fct � characteristic tensile strength of concrete (5% fractile),
MPa,fct � 0.33

��

fc′


; cc � is the strength safety factor f concrete, cc � 1.6; k � factor taken equal to |1| in members where more
than 50% of the bottom reinforcement is interrupted; if not, it will be k � |(1.6−d)≥ 1|; d � depth

in meters; ρ1 � (Af/bwd) which cannot be taken less than 0.01 and greater than 0.02

[18]

Vc � 0.05λφckmkr(fc′)
1/3bwdv, km �

�����������
((Vfd)/Mf)


≤ 1.0, kr � 1 + (Efρfw)1/3 Such that

0.11λφc

��

fc′


bwdv ≤Vc ≤ 0.22λφc

��

fc′


bwdv, for fc′ ≤ 60MPa
In members with effective depth greater than 300mm and with transverse reinforcement less than the minimum, Vc should

be multiplied by ks � (750/(450 + d))≤ 1.0
[4] Vc � 2.1(((fc′ρfd)/a)(Ef/Es))

0.3bwd

[7] Vc � c0/c2(
���
d/a3

√
100ρf(Ef/Es)fc

′(c21/c0))
1/3bwd, c0 � 7.696, c1 � 7.254, c2 � 7.718

[19]

Vc � 0.045kmkrkaks(fc′)
1/3bwd, km � ((Vd)/M)1/2, kr � 1 + (Efρf )

1/3, ka �
1 for (M/(Vd))≥ 2.5

2.5/(M/(Vd)) for (M/(Vd))< 2.5 ,

ks �
1 for d≤ 300

750/(450 + d) for d> 300

[1] Vc � ((0.2λ)/(a/d)2/3)((ρfEf )/d)1/3
��

fc′


bwd

[20] Vc � 2.76(ρfl(Efl/Es)(d/a)fc′)
1/3bwd d≤ 300 mm, Vc � 2.76(ρfl(Efl/Es)(d/a)fc′)

1/3(300/d)0.25bwd d> 300 mm

[21] Vc � vcbwd � ((0.134
��

fc′


)/(
�������������
1 + (d/(1.2dc))


))bwd, dc � (ρwE(da + 16))/(100(a/d)

��

fc′


)
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the way in which the gradient is processed for nonlinear
multilayer networks [64]. -e BPNNs algorithm follows
a technique to minimize the errors through the calibration of
the weights in each cycle by a small amount for a specific
training scheme.

BPNNs is one of the straightforward and most ap-
propriate networks being utilized in the prediction of civil
engineering problems [63, 65, 66], principally because of
that it can modify the weights of each layer in view of the
errors introduced at the output. A common structure of
BPNNs display comprises of an input layer, at least one
hidden layer and an output layer, and each layer comprises

of many neurons. Every neuron is a processing unit that
gets at least one source of input and produces an output
response through the transfer function. Related to every
connection is a weighting that communicates the impact
on the present procedure component of an information
set or another procedure component in the past layer, as
shown in Figure 1. -e connection weighting and bias
values are at first picked as arbitrary numbers and af-
terward settled by the consequences of the training pro-
cedure [67].

-e calculations that carried out inside the BPNNs in-
clude summation process of weighted input values with the

Table 2: Details of database.

Reference Number of members d (mm) a/d b (mm) ρf (%) fc′ (MPa) Ef (GPa) FRP type Vexp (kN)
[24] 4 250 3 150 0.55–2.2 27.5–35 94 C 38.3–59.1
[27] 2 250–500 2.5 150–300 1.04 29.5–34 100 C 38.4–142.8
[26] 2 150 4 300 1.34–1.8 22.7–28 29.4 G 33.7–37
[25] 3 250 3 150 1.51–3.0 34.3 105 C 41.2–47.6
[28] 1 260 2.69 200 1.36 34.7 130 C 62.9
[29] 2 210 3.65 150 1.36 32.9–38.1 45 G 22.8–27.3
[30] 1 222 3.15 154 1.36 39 34 G 39
[31] 2 104–154 8.44–12.5 1000 0.49–0.76 66 41.3 G 42.1–85.2
[32] 5 157.5 4.5–5.8 305 0.73 27–30.8 40 G 28–30.9
[33] 3 279–287 2.61–2.69 178 0.77–2.3 24.1 40 G 36.7–54
[2] 18 225 4.06 178–254 1.11–2.27 36.3 40.3 G 28.1–51.1
[34] 2 258 2.5 150 0.91 53.8–68.5 48 G 38.5–41.4
[35] 6 360 3.39 457 0.96–1.92 39.9–42.6 37.6–47.1 A, G 94.8–177
[36] 12 225 4.06 152–203 1.25–2.56 79.6 40.3 G 30.4–48.3
[37] 11 310–346 2.75–3.71 130–160 0.72–1.54 34.1–43.2 42–120 G, C 42.7–52.3
[38] 11 143 6.36 89–159 0.33–0.76 60.3–81.4 139 C 8.8–23.1
[3] 6 225 2.67–4.5 200 0.25–0.88 40.5 145 C 36.1–47.2
[39] 1 970 3.14 450 0.46 40 40 G 136
[40] 2 190 7.96 121 1.1–1.65 40–74.3 40 G 13.9–16.9
[41] 8 159–165 6.06–6.49 1000 0.39–2.63 40 40–114 G, C 118–195
[42] 11 78–83 3.61–6.41 420 0.61–2.61 61–93 42 G 22.1–55.6
[22] 6 326 3.07 250 0.87–1.72 43.6–50 39–134 G, C 63–127.5
[43] 4 326 3.07 250 1.71–2.2 63 42–135 G, C 90–177
[44] 6 163–263 2.54–4.09 150 0.45–1.39 28.9–50.2 32 G 13.1–30.9
[45] 1 150 3.35 224 1.28 43 45 G 27.9
[46] 9 75 6–6.16 420 0.68–1.16 48–92 42 G 24.6–34.3
[47] 3 404–441 3.02–3.71 300 3.25–3.98 43 44–63 G 118.4–154.3
[48] 2 262 6.68 600 0.77–1.53 68 48 G 91.2–118.2
[49] 4 170 4.12 150 0.92–1.54 20–26.6 46 G 12.7–15.4
[50] 4 170 5.88 150 1.33–2.22 20–26.6 113 C 19.3–27.7
[51] 6 194–937 3.26–3.93 450 0.51–2.54 35–46 37 G 74–232
[52] 6 200–500 3.5–6.5 300 0.28–0.35 52.3 114 C 54.1–71.2
[53] 6 291–594 2.5 250–300 0.42–1.37 65.3–74.2 46.3–144 G, C 71.6–155.2
[54] 13 146–883 3.13 114–457 0.6–1.17 29.5–59.7 41–43.2 G 17.9–264.8
[1] 8 305–744 2.5 250–300 0.42–0.91 34.5–44.7 47–144 G, C 61–138.5
[55] 9 140 6.2 1000 0.52–1.25 41.3–86.2 140–144 C 118.5–192
[56] 34 216 2.5–4.5 150–200 0.33–0.79 30 48–148 G, C 16.9–35.4
[57] 3 150 4–4.5 245–270 0.39–0.85 60 70 B 20.9–29.2
[20] 6 170–370 2.7–5.9 200 0.12–0.52 22.1–28.7 141.4 C 17.6–36.1
[58] 6 170 5.65–7 300 0.8–4.1 35.9 48–53 B 29.3–51.5
[59] 8 206–220 2.5–3.3 152 0.31–1.52 49 50 B 17–30
[60] 12 234–635 2.6 200 0.71–2.69 42.2–73.4 58 B 54–169.5
Mean 258.8 4.13 290.4 1.123 46.2 73.8 58.8
Standard deviation 157.2 1.51 220.5 0.7290 18.19 42.93 48.44
Minimum 73 2.5 89 0.12 20 29.4 8.8
Maximum 970 12.5 1000 4.121 93 147.9 232
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bias of the input layer, as in Equation (1), and then the results
passed into the hidden layer neurons. Inside neurons, the
process of sigmoid transformed function was performed by
using one of the transformed functions such as that in
Equation (2). Another linear process, using the purelin
function, was carried out by summing the weighted output
from the hidden layer neurons with the bias of the hidden
layer as in Equation (3):

netj �∑
n

i�1
wijxi + biasj, (1)

yj � f netj( ) �
1

1 + exp− netj( )( )
, (2)

yk � purelin ∑
m

j�1
wjkyj + biask , (3)

where netj is the weighted sum generated at the jth
hidden neuron; xi is the input value from the ith input
neuron; wij and wjk are the weights added to the hidden
layer and the output layer neurons, respectively; biasj
and biask are the biases added to the hidden layer and the
output layer neurons, respectively; yj is the processed
output from the jth hidden neuron; yk is the processed
output from the kth output neuron; and n is the number
of input neurons, and m is the number of neurons in the
hidden layer.

4.3. BPNNs Model Used for the Prediction of Shear Capacity.
In this study, the BPNNs were utilized to produce a pre-
dictive model for shear strength of FRP-reinforced concrete
members without stirrups. �e key parameters a�ecting
the shear strength which considered in this study are fc′, d,
bw, a/d, ρf , and Ef . �e most important issue in BPNNs
modeling is selecting the number of hidden layers and the
number of neurons in each hidden layer, which depend on
several factors like type of problem of interest, the associ-
ation of input parameters with the output pattern, size of
instances, number of input parameters, and number of
outputs. However, there is no basic acknowledged criteria
to pick the number of hidden layers and the number of

neurons; therefore, a trial and error method was achieved
based on training and testing up to obtain a reasonable �t.
Consequently, a BPNNs training algorithm was utilized in
a feed-forward network trained using nonlinear hyperbolic
log-sigmoid transfer function in the hidden layer and
a linear purelin transfer function in the output layer, as in
Equations (1)–(3).

�e trial and error procedure resulted in that the best
�tting model was that obtained using thirteen neurons in
a single hidden layer (6-13-1), as demonstrated in Figure 2.
�e predictive model was trained through numerous iter-
ations to �nd the best epoch value, momentum rate, and
learning rate which give the optimum model for shear
strength prediction. �e data were divided arbitrarily into
“training” 70%, “validating” 15%, and “testing” 15%, and the
partitioning of data was chosen based on the results of model
performance after numerous trials.

It is recommended by many authors [11, 63, 68, 69]
to normalize the input and output data before using them to
predict the model. In this study, the data of input and target
were scaled by the linear normalization function in the range
of (0 to 1), as shown in the following equation:

xn � 0.6
x− xmin

xmin − xmax
+ 0.2, (4)

where x is the data sample, xn is the normalized data sample,
xmin and xmax is the minimum and maximum values of the
data for the interested parameter.

�e input layer weights (ILWs), the input layer biases
(ILBs), the hidden layer weights (HLWs), and the hidden
layer bias (HLB) of the (6-13-1) predictive BPNNsmodel are
shown below:

∑

∑

∑Xi

Input layer Hidden layer Output layer

W1,1
i,j

W1,1
j,k

y1
j

W1,2
j,k

W1,2
i,j

netj
1

net2
j

biasj
1

bias2
j

biask

netk yk

y2
j

yj = logsig(Wi,jXi + biasj) yk = purlin(Wj,kyj + biask)

Figure 1: Typical architecture and log-sigmoid function of (1-2-1)
BPNNs.
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ILW �

−2.3567 0.27166 1.4696 −1.4038 0.99307 2.2234

2.3842 −2.2831 0.83159 2.2855 1.4806 −0.83455

2.8211 0.75441 −4.086 1.4427 1.7982 −1.0877

0.59955 −0.74937 2.0882 −2.6609 1.8418 −1.5433

1.4527 −1.7869 −1.0477 1.6872 −0.81981 −2.5634

3.5416 −1.9591 −0.34353 1.0741 −1.5276 2.2139

1.5643 −2.8231 2.6211 −1.6244 1.0879 1.7129

2.2825 −0.40079 0.48425 −2.312 0.07062 0.15858

−1.749 −0.25004 −0.45657 −2.2347 −1.0796 −1.0232

−0.78404 2.66 −2.8673 −1.0803 −0.86988 −1.6247

−0.25678 −3.2562 2.2726 1.6206 −1.2616 2.6619

−1.2662 −0.78168 −0.52983 −2.5791 1.0124 2.3284

−2.3043 0.55942 −1.2328 −2.8413 −1.3658 2.6415

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
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⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

,

ILB �

5.1888

−1.4396

−2.1773

−2.4823

−1.6444

−0.08813

0.12198

2.2041

−2.362

−1.9906

−0.52466

−3.7706

−2.6641
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⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

⎫⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

,

HLW �
⎧⎨

⎩ −0.7663 1.2834 −0.9729 −0.66761 −0.3835 −0.87847 1.2312 1.3464 −1.3058 1.206 1.169 −0.9465 −0.6511
⎫⎬

⎭,

HLB � −0.44036{ }.

(5)

5. Genetic Programming

5.1. General Background. Genetic programming (GP) is
a naturally inspired machine learning (evolutionary) tech-
nique utilized for randomly reproducing a population of
computer programs in light of Darwin’s advancement hy-
pothesis. GP, which was developed by Koza [70], can be
regarded as a developed form of the genetic algorithm (GA),
which is an evolutionary optimization tool that depends on
the principles of genetics and normal determination. -e
systems of GA incorporate altering and changing the extent
of chromosomes by genetic operators to solve function
optimization problems. -e fundamental contrast amongst

GA and GP is that the solution of GA is a binary string of
fixed length utilized for parameters optimization of a specific
arrangement of model parameters, while the solution of GP
is a development program represented as a subset of parse
trees which use input variables and corresponding outputs
for generating optimized models [71–73].

-e GP techniques for modeling incorporate production
of an initial population of chromosomes (models) which
include an arrangement of functions and an arrangement of
terminals that selected and arranged randomly in the form of
the parse tree (computer model). -e models composed of
a root node, functional nodes, and terminals, as shown in
Figure 3.
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At that point, the produced population models are
assessed and the �tness of the models is evaluated using the
provided data of the particular problem. After that, other
generations of models are produced by primary genetic op-
erators: reproduction, crossover, and mutation, as shown in
Figure 4.�e evolutionary procedure of assessing the �tness of
the present population and producing new population is
continued until the point when an end termination criterion is
approached, which can be either a particular acceptable error
or a speci�ed maximum number of generations. �e model
with the best solution which developed after each generation
assigns the outcome of the GP program [76].

5.2. Gene Expression Programming. �e most widely used
GP in civil engineering problems is gene expression
programming (GEP), which was developed by Ferreira
[71]. GEP utilizes development of numerical conditions
that is encoded linearly in chromosomes of a consistent
length and considered nonlinearly as expression trees
(ETs) with various shapes and sizes. �e chromosomes are
composed of several genes; each gene contains a smaller
subprogram or subexpression trees (Sub-ETs). Every gene
has a consistent length and comprises a head and a tail. �e
schematic of the GEP ¢owchart is shown in Figure 5. �e
implementation of GEP predictive modeling incorporates
�ve main components including function set, terminal set,
�tness function, control parameters, and termination
condition [7, 75].

�e preferred quality of GEP is that the genetic operators
work at the chromosome level and the production of genetic
diversity is to a great degree simpli�ed. Another favorable
position is credited to the remarkable multigenetic nature of
GEP, which permits the advancement of all the more capable
models made out of a few subprograms [71].

5.3. GEPModel for Predicting Shear Capacity. For predicting
the shear strength of FRP-reinforced concrete beams
without stirrups by GEP-based formulation, six in¢uencing
parameters were considered:fc′, d, b, a/d,Ef , and ρf , through
training and testing the experimental results. �e data are
evaluated on the GeneXproTools 5 [78] to develop the
empirical model which is the most widely used software for

GEP model prediction. Similar to the ANNs model, the data
are partitioned randomly to 70% for training and remaining
30% for testing such that both portions of data have balanced
statistical parameters like mean, standard deviation, and
max and min values.

To obtain the best GEP prediction model, many models
with a di�erent number of genes were evolved throughout
a set of genetic operators (mutation, transposition, and
crossover). Initially, a model composed of two genes with
multiplication linking functions and head sizes of three was
selected and evolved many times. �en, the model param-
eters were changed, step by step, through increasing the
number of genes, head size, number of chromosomes, and
weights of function sets. �e program was evolved nu-
merous times for various models, and the outcome models
were monitored and compared to evaluate their perfor-
mance. Other parameters like mutation rate, inversion, and
points of recombination were chosen based on previous
works [7, 79–82] and then evaluated to get their optimum
e�ects. After many trials, the �nal mathematical model was
chosen, for which the utilized parameters, �tness function,
and function sets are given in Table 3. �e �nal model was
selected based on criteria of the best �tness and less com-
plicity of mathematical formulation; the expression trees are
shown in Figure 6 and themathematical formulation is given
in the following equation:

sqrt

x1 x2 x34

/

– +

Functional nodes 

Terminal nodes 

Root node

Figure 3: Typical example of a GP tree representation model
((4−x1)/(x2 + x3))

1/2 [74].
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Figure 4: Typical operations of crossover and mutation in GP [75].

Advances in Civil Engineering 7



Vc � abs
c3 + d5 ∗d3( ) d2 + d0( )2

4
( )

1/3

 





∗ tanh
d2
d1
( )

1/5
 − tanh d2 ∗ d3( )4( ) 

5





∗ d2 +
d1/53

max d1; c6( )
c8 + d4( )( )

2





∗ tanh
d2
d1
( )

1/5
 −

��
d1
d0

√
 

3

 
5




,

(6)

where: d0, d1, d2, d3, d4, and d5 refer to d, a/d, b,
ρf , fc′, and Ef respectively, c2 � 6.56723946184092, c3 �
−241413.053630399, c4 � −12.1479701959083, c6 �
3.07014791103389, and c8 � 22.0241396443835.

6. Nonlinear Regression Model (NLR)

Regression analysis is considered as an important tool
that can be used in the modeling process for solving
complicated problems of various engineering disciplines.

However, the proposed models based on nonlinear re-
gression (NLR) are less accurate than the ANN and GEP;
however, it is characterized by that it is simple and easy for
application without the need of computers for calculations.
A nonlinear regression model based on the experimental
database collected from the literature was suggested. �e
proposed equation was derived based on developing
a model similar to that proposed by Zsutty [83] which is the
most accurate and simple empirical equation that was
proposed for shear prediction of steel-RC members. In
order to predict the shear strength of FRP-RC beams more
accurately, considering the e�ect of all in¢uencing pa-
rameters, the experimental shear strength was analyzed
with most common in¢uencing parameters: fc′, d, b, a/d,
Ef , and ρf . Based on data �tting analysis, and after some
simpli�cation, the following equation was proposed:

Vc � 0.32
1
d
( )

1/3 Efρf
a/d
( )

2/5
fc′( )1/5bwd. (7)

It can be observed that the equation is simple, rational,
and more generalized than most codes and proposed
equations from the literature as it considers the e�ect of all
the in¢uencing parameters on the shear strength of FRP-RC
members without stirrups.

7. Results and Discussion

�e shear strength results of FRP-reinforced concrete
members for the three proposed models, the ANNs, GEP,
and NLR, are evaluated and compared with the common
design provisions (ACI 440-15, JSCE-97, CSA 806-12) and
seven proposed equations [1, 4, 7, 10, 19–21]. �e com-
parison was examined based on statistical terms such as

Start

Initial population creation

Chromosome expression as ET

ET execution

Fitness evaluation

Stop

Chromosome selection

Reproduction

Terminate?

New generation creation

Yes

No

Figure 5: Flowchart of GEP [77].

Table 3: Parameters used in the GEP Model.

Parameters Values
Number of chromosomes 30–500
Head size 3, 5, 8
Number of genes 2, 3, 4
Linking function Multiplication

Function set +, −, /, ∗, abs, tanh, x2, x1/2, x1/3, x1/5,
. . .

Generation without
changes 2000

Number of tries 12
Maximum complexity 10
Fitness function RMSE
Mutation 0.044
Inversion 0.1
One-point
recombination 0.3

Two-point
recombination 0.3

Gene recombination 0.1
Gene transposition 0.1
IS transposition 0.1
RIS transposition 0.1
Data type Floating point
Constants per gene 10

8 Advances in Civil Engineering



mean, standard deviation (SD), and coe«cient of variation
(COV) in addition to error values, such as mean absolute
error (MAE), root mean square error (RMSE), and R2, as
shown below:

RMSE �

������������
∑N

i�0 ei −pi( )2

N

√

,

MAE �
1
N
∑
N

i�0
ei −pi
∣∣∣∣

∣∣∣∣,

R2 � 1−
∑N

i�0 ei −pi( )2

∑N

i�0 ei − e( )2
,

(8)

where ei and pi are the experimental and predicted shear
force in kN, respectively, e is the average of the experimental
values, andN is the total number of the considered samples.
�e model that minimized the error values (MAE and
RMSE) and maximized R2 is selected as the optimummodel.

Figure 7 presents the scatter of the experimental shear
force, Vexp, versus the predicted shear strength, Vpred, for the
proposed models, codes, and proposed equations from the
literature. It is clear that the best models for predicting the
shear strength are those suggested in this study, which in
a sequence are ANNs, GEP, and NLR, as these models
predict the shear strength very accurately with the optimum
statistical performance of R2, RMSE, and MAE. High cor-
relation coe«cients with low error rates indicate that the
proposed three models are excellent models and exhibit
generalization performance in predicting shear strength of
FRP-reinforced concrete beams without stirrups. In con-
trast, the code design provisions and other proposed
equations from the literature yielded dispersion results with

lower R2 and larger error rates as given in the scatter
relationships.

Table 4 presents the statistical parameters (mean,
standard deviation (SD), coe«cient of variation (COV),
minimum, maximum, range, RMSE, MAE, and R2) of the
ratio of experimental shear strength to the predicted shear
strength, Vexp/Vpred, for the proposed models in this
study, seven well-known codes, and seven proposed
equations from literature based on the (269) collected
database. It is clear that the proposed equations yielded
superior accuracy between all the codes and proposed
equation from the literature because their optimum
statistical parameters such as the mean, SD, range, RMSE,
and R2 are 0.998, 0.113, 0.72, 5.3, and 0.9877, respectively,
for ANNs; 1.007, 0.162, 0.88, 8.2, and 0.970, respectively,
for GEP; and 1.003, 0.174, 0.99, 10.7, and 0.95, re-
spectively, for NLR.

�e ANNs and GEP models are arti�cial intelligent
models derived based on soft computing; as veri�ed above,
these models are accurate, superior, and highly e«cient in
predicting the complicated problem such as shear strength.
However, the drawback of arti�cial intelligent models is that
it cannot be calculated manually and it needs computers for
calculation. Besides, it is considered as a powerful and ef-
�cient tool which can be used in soft programs specialized
for analysis and design of reinforced concrete structures. On
the contrary, the NLR model is simply accurate and rational
which can be used manually with su«cient accuracy more
than the design codes and previously proposed equations.
Nevertheless, the regression equations cannot properly
de�ne, with the same level of e«ciency of arti�cial intelligent
techniques, the interactions between the input and output
parameters due to that the regression models usually are
produced based only on a few prede�ned equations [79].
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Figure 6: Expression trees ETs for the GEP model. (a) Sub-ET 1. (b) Sub-ET 2. (c) Sub-ET 3. (d) Sub-ET 4.
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Finally, it can be said that all the three proposed equations
can be considered as accurate, efficient, and useful models,
which were trained on a largest collected database, for
predicting the shear strength of FRP-reinforced concrete
members.

8. Parametric Analyses

For further verification of the proposed ANNs, GEP, and
NLR prediction models, a parametric analysis was per-
formed in this study. -e main goal was to find the
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Figure 7: Scatter of Vexp versus Vpred for ANN, GEP, NLR, and different models from the literature.
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response of the three proposed models to predict the shear
strength for a set of input parameters which are selected
taking into account the average value of each parame-
ter in the collected database. For further showing the
performance of the proposed models and for comparison
purpose, the response of three well-known codes (ACI.1R
440-15, JSCE-97, and CSA S806-12) was also considered.
-e approach depends on keeping all input parameters at
their selected values, except that, in each time, a single
parameter value was changed incrementally within the
expected practical values. Consequently, an arrangement
of manufactured data for the single considered parameter
is produced; this procedure was repeated for all parameters
so that all models are examined for the entire input pa-
rameters. -e selected input parameters are fc′ � 46MPa,
bw � 200mm, d � 400mm, a/d � 4, ρf � 0.011, and Ef �

74 GPa. It is worthy to note that the ANNs model cannot
properly predict the shear strength for input parameters
outside the range of training data; therefore, it is only valid
for prediction within the range of input parameters of the
training data [8].

Figure 8 indicates the tendency of the predicted shear
strength by differentmodels to the varieties of themain design
parameters (d, fc′, ρf , Ef , a/d, and bw). Generally, it can be
observed that the proposed models, particularly the ANNs
model, yielded larger shear capacities for all parameters, while
ACI 440-15 yielded the lowest shear capacities which indicate
that the ACI 440-15 is very conservative.

-e relationship of beam depth with the predicted shear
strength showed that all the proposed models and codes
increased with the increase in the beam depth throughout
the range of 100–1000mm. -e ACI 440-15 considers the
effect of beam depth linearly, while all other models rep-
resent the effect of depth nonlinearly; the ANNs, GEP, and
NLR models consider the depth raised to a power of 0.83,
0.67, and 0.66 respectively. Also, it can be observed that the
GEP and NLR yield almost the same results. All the pro-
posed models and codes showed an increase in shear
strength with the increase in the concrete compressive

strength but in different rates. It was found that fc′ is raised
to a power of 0.66, 0.30, and 0.2 for ANNs, GEP, and NLR,
respectively.

-e effect of the flexure reinforcement ratio on shear
strength indicates a similar trend of the NLR model and the
design codes, but the ANNs and GEP models showed
a slightly decreased trend for reinforcement ratios greater
than 0.03; this is not in agreement with codes and previous
studies because of that only few data were available with ρf
larger than 0.03, and these data actually showed decreasing
shear capacity. Additionally, these models were derived
based only on the artificial technology of data training
without manually choosing the general mathematical shape
of the model, in contrary to the NLRmodel and design codes
which was derived based on the theoretical or semiempirical
criteria.

-e shear strength also increased with the increase in
the elastic modulus of the flexure reinforcement ratio. It
can be observed that all models showed a similar trend line
for the entire range of data, while the ANNs model showed
an increased rate up to about 110 GPa, and then the in-
crease rate reduced significantly; similar results also ob-
tained by Bashir and Ashour [8]. On the contrary, the
trend lines of the shear span to depth ratio are decreased
for GEP and NLR models for the entire range of data;
meanwhile for ANNs model, it decreases up to a/d of 5,
and then it started to increase slightly. -is behavior is in
agreement with the few available experimental results
[32, 52, 56] which were studied as a/d greater than 5.
However, other codes do not consider the effect of a/d as
the trend lines for ACI 440-15 and JSCE-97 are constant,
while the CSA S806 trend line remains constant beyond
the a/d value of 5. Finally, the effect of beam width on shear
strength is linear as indicated by trend lines for all models
except the ANNs model which showed a lower increase
rate beyond 700mm width.

To investigate how the proposed models consider the
size effect on shear capacity, the same parametric data used
for studying the beam depth are used. Figure 9 presents

Table 4: Statistical parameters of (Vexp/Vpred) for the proposed models and different design equations.

Design equations Mean (Vexp/Vpred) SD COV% Minimum Maximum Range RMSE MAE R2

[12] 1.813 0.416 23.06 1.13 3.74 2.61 31.5 24.2 0.575
[13] 1.302 0.282 21.63 0.46 2.51 2.05 22.0 14.9 0.792
[18] 1.091 0.227 20.85 0.47 1.85 1.37 22.5 11.7 0.783
[16] 1.193 0.386 32.49 0.44 2.48 2.03 26.33 17.58 0.703
[17] 0.948 0.265 27.99 0.39 1.74 1.34 22.57 14.03 0.782
[14] 1.072 0.247 23.1 0.54 1.92 1.38 14.70 9.80 0.908
[15] 1.393 0.254 18.35 0.70 2.48 1.78 24.56 16.61 0.742
[4] 1.113 0.219 19.67 0.55 1.92 1.36 21.3 12.1 0.805
[19] 1.305 0.235 18.01 0.84 2.14 1.29 23.1 18.4 0.772
[7] 1.025 0.205 20.03 0.54 1.91 1.36 19.6 11.0 0.835
[1] 1.148 0.227 19.81 0.59 1.72 1.13 17.7 10.9 0.865
[20] 0.965 0.174 18.06 0.63 1.68 1.05 16.4 10.2 0.885
[10] 1.015 0.229 22.51 0.53 1.96 1.43 15.1 9.6 0.905
[21] 1.096 0.283 25.87 0.56 2.12 1.56 19.15 11.80 0.843
NLR 1.003 0.174 17.32 0.62 1.61 0.99 10.7 7.3 0.950
GEP 1.007 0.162 16.08 0.66 1.55 0.88 8.2 5.9 0.9709
ANNs 0.998 0.113 11.31 0.71 1.44 0.72 5.3 3.9 0.9877
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Figure 8: E�ect of the parameters (d, fc′, ρf , Ef , a/d, and bw) on shear capacity predicted by ANNs, GEP, NLR, and three design codes
(ACI.1R 440-06, JSCE-97, and CSA S806-12).
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the relationship between normalized shear strength as
(Vpred/bwd

��

fc′


) and beam depth. It is clear that the nor-
malized shear strength is decreased with the increase in the
beam depth for ANNs, GEP, and NLR showing that the size
effect is efficiently presented in these models. -e trends of
GEP and NLR are very close and compatible and decreased
from a depth of 100mm to 1000mm, while the ANNsmodel
seems to be more accurate as it shows an increase in the
trend up to the depth of 200mm, and then it decreased
similarly to that of GEP and NLR; after that, the trend starts
to increase slightly.

It can be summed up to that the artificial intelligent
models, due to their efficiency and powerful ability in rec-
ognizing the parameters interaction, demonstrate various
rates of change and fluctuation for the entire scope of input
parameters. -e ANNs and GEP models define accurately the
interaction of each parameter on shear strength prediction
and have a great ability to represent the actual response of
each parameter in spite of its complexity and fluctuation
nature. Furthermore, these models are evolved by training
numerous preliminary linear and nonlinear models without
any prior assumption regarding the shape and structure of the
mathematical model.

9. Conclusions

An experimental database including 269 shear test results of
FRP-reinforced concrete members without stirrups available
in the literature was established to propose three prediction
models to estimate the shear capacity of FRP-RC members
using three powerful tools which are ANNs, GEP, and NLR.
-e following conclusions can be drawn from this study:

(i) -e proposed models for predicting the shear ca-
pacity of FRP-RC members based on ANNs and
GEP techniques showed excellent performance,
great efficiency, and high level of accuracy and
yielded consistent results throughout a wide range
of influencing parameters; moreover, the ANNs
model is more superior than the GEP, as the SD and
R2 for ANNs are 0.113 and 0.9877 and for GEP are
0.162 and 0.97, respectively.

(ii) A simple, rational, and yet accurate empirical
equation was proposed for predicting shear
strength of FRP-RC members by NLR. -e equa-
tion considers all the important influencing pa-
rameters and simplified to be easy for use. In
addition, it gives consistent and accurate results
with SD and R2 of 0.173 and 0.95, respectively.

(iii) -rough a comparative statistical analysis for the
proposed models with seven shear design codes and
six proposed equations from the literature, it has
been found that the most accurate and efficient
models are ANNs and GEP and to a lower dgree
NLR. Among the codes and available proposals, the
CSA S806-12 and Ashour and Kara [20] equations
were appearing to be more accurate than the others.

(iv) From a parametric study considering all the influ-
encing parameters on shear capacity, it was found that
the ANNs model, and to a lower level GEP model,
defines accurately the interaction of each parameter
on shear capacity prediction and has a great ability to
represent the actual response of each parameter in
spite of its complexity and fluctuation nature.

(v) -e ANNs and GEP models demonstrate that the
effect of flexure reinforcement ratio on shear ca-
pacity decreased beyond 0.03, as a real response to
the available few data in this range; therefore, more
studies are needed to confirm this case.

(vi) -e ANNs model demonstrated that the effect of
a/d does not absolutely reduce the shear capacity,
while beyond the a/d value of 5, its effect could
become reverse and contribute to increase in the
shear capacity as confirmed by few previous studies.

(vii) -e size effect is considered properly by the pro-
posed models, particularly the ANNs model, which
yields more accurate shear capacity prediction to
the experimental results.
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