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Abstract. The experimental behavior of reinforced concrete elements exposed to fire is limited in the literature. Although
there are few experimental programs that investigate the behavior of lightweight short columns, there is still a lack of for-
mulation that can accurately predict their ultimate load at elevated temperature. Thus, new equations are proposed in this
study to predict the compressive strength of the lightweight short column using Gene Expression Programming (GEP)
and Artificial neural networks (ANN). A total of 83 data set is used to establish GEP and ANN models where 70% of the
data are used for training and 30% of the data are used for validation and testing. The predicting variables are temperature,
concrete compressive strength, steel yield strength, and spacing between stirrups. The developed models are compared
with the ACI equation for short columns. The results have shown that the GEP and ANN models have a strong potential
to predict the compressive strength of the lightweight short column. The predicted compressive strengths of short light-
weight columns using the GEP and ANN models are closer to the experimental results than that obtained using the ACI
equations.

Keywords: Gene expression programing, artificial neural network, lightweight concrete, short column, elevated tempera-

ture.

Introduction

It is recognized recently the beneficial effect of light weight
aggregate concrete in reducing the weight of structure, in-
creasing fire resistant capacity, reducing permeability, re-
ducing dead loads and hence dimensions of elements, and
solving durability problems (Sturm et al., 2000; Bogas &
Gomes, 2013; Kayali, 2008). Furthermore, light concrete
is beneficial in seismic regions because seismic loads are
linearly dependent on the mass of the structure. However,
light weight aggregate concrete has low elastic modulus
and most likely suffers from brittle shear characteristics
that limit its application in vertical bearing elements such
as columns (Wu et al., 2018). Columns performance is
significantly influenced the global behavior of reinforced
concrete structures. Short columns attract more loads
than slender columns due to their high stiffness. It is gen-
erally recommended to provide sufficient lateral confine-
ment for lightweight columns to improve their toughness
and ductility.

Over the last four decades, several experimental tests
(Sheikh & Uzumeri, 1980; Mander et al., 1988; Cusson
& Paultre, 1995) have been conducted to investigate the
behavior of columns that made using normal weight con-
crete and light weight concrete. The main parameters that
influence the behavior of columns are concrete compres-
sive strength, transverse reinforcement tensile strength,
transverse reinforcement configuration, transverse rein-
forcement spacing, transverse and longitudinal reinforce-
ment ratios and concrete cover. Experimental research
has been carried out recently to investigate the behavior
of RC short columns made with lightweight concrete ag-
gregate. Anilkumar and Kumar (2016) have carried an
experimental program to investigate the load-deflection
response of three light weight concrete columns compared
to three normal weight concrete columns at normal tem-
perature. The results have shown that the load deflection
behaviors of both types of columns are close. Haddad
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and Ashour (2013) have tested 72 light weight aggregate
concrete short columns exposed to elevated temperature.
Experimental results have shown that columns’ compres-
sive load capacity, rigidity have significantly reduced while
the peak strain and compressive toughness have increased
as exposure temperature exceeded 400 °C. Saatcioglu and
Razvi (1992) have shown experimentally that the stirrups
increased the ductility of the tested short columns. Li et al.
(2018) have shown that the strength of reinforced con-
crete columns increases when using high-strength steel
bars. Esfahani and Kianoush (2005) have shown that FRP
wrap can increase the load carrying capacity and ductil-
ity of circular reinforced concrete columns significantly.
Farghal and Diab (2013) have also shown that carbon fi-
ber reinforced polymer (CFRP) sheets can enhance the
compressive strength of the reinforced concrete columns.
Al-Thairy (2015) has found that the volumetric ratio of
the transverse reinforcement can increase the axial load
capacity of the columns significantly. Mostofinejad and
Moshiri (2015) have introduced a strengthening grooving
method in order to limit the global buckling of columns
under compression and to enhance their load carrying
capacity.

Most of the experimental programs available in the
literature investigate the behavior of RC columns under
normal temperature. Few studies have been conducted to
investigate the behavior of RC columns under elevated
temperature. Although there are some experimental pro-
grams that investigate the behavior of lightweight short
columns, there is still lack of formulation that can accu-
rately predict their ultimate load at elevated temperature.
Empirical modelling based on classical regression tech-
niques are generally used to simulate the experimental be-
haviour of concrete. Furthermore, modern soft computing
applications such as Gene expression programming (GEP)
and Artificial neural network (ANN) have been used re-
cently to predict the behaviour of concrete by developing
explicit formulations (Cevik & Sonebi, 2008; Sonebi &
Cevik, 2009).

Regression techniques work on the basis of predefined
functions where regression analyses of these functions are
later performed. However, GEP approach does not specify
a predefined function but it adds or deletes various combi-
nations of parameters to be considered for the formulation
that best fits the experimental results (Cevik & Sonebi,
2008; Sonebi & Cevik, 2009). Therefore, GEP can be con-
sidered superior to regression techniques and neural net-
works. Gene expression programming is an efficient tool
in determining explicit formulations for the experimen-
tal results including multivariate parameters for the case
where analytical expressions are not available (Cevik &
Sonebi, 2008; Sonebi & Cevik, 2009).

Gene expression programming is an extension to ge-
netic algorithms (GAs) and genetic programming (GP).
The nature of the individuals is different in these three
algorithms where it is linear strings (chromosomes) in
GAs, nonlinear entities of different sizes and shapes (parse
trees) in GP, encoded linear strings of fixed length (the

genome or chromosomes) in GEP (Ferreira, 2001). Arti-
ficial neural networks can be used to find models from a
large amount of data. The development of hybrid meth-
ods requires both artificial neural networks and genetic
algorithms. In the hybrid methods, genetic algorithms are
normally used improve the learning of artificial neural
networks and to optimize the inputs and outputs of the
neural network model. Gene expression programming
and artificial neural networks have been used efficiently
in civil engineering applications (Benali et al., 2017; Seifi
et al., 2008; Shahrara et al., 2017).

The main purpose of this study is the utilization of
ANN and GEP to develop new equations that estimate
the compressive strength of short lightweight columns
damaged by heat using data available from literature and
finite element model (FEM) results. A comparison is also
made with the compressive strength predicted using the
ACI equation (ACI Committee 318, 2014).

1. Experimental database and FEM results

The proposed ANN and GEP models are built based on
the experimental database available in the literature. The
models are trained and tested using 83 data test point.
The experimental results of fifty specimens are taken from
literature (Haddad & Ashour, 2013) while other 33 data
points are generated and calibrated using finite element
modeling (Obaidat & Haddad, 2016) with the aid of AN-
SYS, finite element software. Table 1 illustrates a sample of
the database. The training and testing data are randomly
selected from these data where 70% of the data set is used
for training while 30% is used for validation and testing.
Table 2 illustrates the statistics of the input and output pa-
rameters that used in developing the models. Based on the
experimental results available in the literature, the com-
pressive strength of short columns tested under elevated
temperature is predominantly controlled by these param-
eters: temperature (T), concrete compressive strength (f,),
steel yield strength (f,), and spacing between stirrups (S).
Therefore, the GEP and ANN models are developed using
these four parameters.

2. Finite element modeling

Due to the lack of the experimental data that investigates
the behavior of lightweight RC columns under elevated
temperature, finite element analysis is performed. This
section briefly summarizes the finite element modeling
of the simulated columns. A three dimensional finite el-
ement method is performed using ANSYS (2008). Steel
reinforcement is modeled using a beam element 188 that
has two nodes with six degrees of freedom including
translation and rotation in x, y and z direction. Concrete
is modeled using solid 65 element that has eight nodes
with three translational degree freedom in x, y, and z
directions at each node. Concrete is modeled as a non-
linear isotropic material that associated with Von Mises
Criterion with isotropic work hardening method (ANSYS,
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2008). The steel reinforcement is assumed to be an elas-
tic perfectly plastic material. The top of the column is re-
stricted against translation in x and z directions but it is
free to translate in the y direction while the bottom of the
column is restricted against displacement in all directions.
Newton Raphson method is adopted with displacement
control conditions. The finite element model is validated
using the experimental results of the columns’ compres-

Table 1. Sample of the database

sive stress capacity, axial stiffness and axial toughness
evaluated by Haddad and Ashour (2013). The predicted
and the experimental results are close and the absolute
error of compressive stress predictions for more than 90%
of the columns is smaller than 10%.

3. Gene expression programming

3.1. Overview of genetic programming

Gene expression programming (GEP) is a branch of Ge-
netic programming (GP) that was developed by Ferreira

o 3 (2002). In GEDP, there are five basic components: a function
é 5 o gf E~§ set, a terminal set, a fitness function, control parameters,
L 4 . oy . .
= g £ E @ =) é 2 8 and a terminal condition. Gene expression programming
5 = Bw | 48 =g 2 uses a linear fixed length character string (the genome or
£ ga 2 & | &2 5 8 5 EQ chromosomes) to represent the problem solution and is
19} Q
g § i/ g5 § g 2 § 5 3 E expressed as parse tree called expression tree (ET) with
2 2= i i — different size and shape (Saridemir, 2010; Gandomi et al.,
! 23.0 60.0 65.0 2700 62.2 2014; Ozcan, 2012; Jafari & Mahini, 2017). Figure 1 shows
2 23.0 30.0 65.0 270.0 69.2 an example of ET.
3 23.0 20.0 65.0 270.0 70.5 Gene expression programming is developed based on
4 23.0 10.0 65.0 270.0 722 two main parameters, chromosomes and expression trees
5 100.0 60.0 621 261.9 582 (ETs). The information is translated fr.om the chromosome
6 100.0 300 621 2619 612 j[o the ETS. Chromosomes may cont'am one or mor‘e genes
indicating a mathematical expression. The gene in GEP
7 1000 200 62.1 261.9 652 is composed of a head and a tail. The head composed of
8 100.0 10.0 62.1 2619 66.7 both function and terminal symbols (constants, variables,
9 300.0 60.0 50.0 260.0 55.1 functions, and mathematical operators such as (1, a, b, v,
10 300.0 30.0 50.0 260.0 58.1 cos ,*,—, /) (Beheshti et al., 2017). The tail contains only
11 300.0 200 50.0 260.0 603 tfern?inals (constant and Vari'ables) such as (1', a, b, c). The
5 3000 100 0.0 2600 632 linking bet\‘/vgen the genes is b'ygn.lathematlcal operator
such as addition, subtraction, division, etc.
13 400.0 60-0 420 2535 443 One of the good advantages of GEP is that the solu-
14 400.0 30.0 42.0 253.5 46.3 tion is shown as a computer model in tree like structure. It
15 400.0 20.0 42.0 253.5 48.1 makes possible to infer exactly the phenotype given the se-
16 400.0 10.0 42.0 253.5 50.5 quence of a gene, and vice versa, which is termed as Karva
17 500.0 60.0 340 203.6 304 lz;lnguage ("[.‘anyildizi ;3: Egvik, iOlO). For examﬁle, the ETs
18 500.0 300 340 2036 345 shown in Flgure 1 whic is a chromosome with two genes
can be written mathematically as [\/a +b+ (b * a)}.
19 500.0 20.0 34.0 203.6 38.9 .
Many recent studies indicated that GEP can be used
20 500.0 10.0 34.0 203.6 40.7 . S . . s .
efficiently in civil engineering applications (Mousavi et al.,
21 6000 | 600 | 260 | 1185 | 212 2012; Soleimani et al., 2018; Lim et al.,, 2016; Gonzélez-
22 600.0 30.0 26.0 118.5 24.9 Taboada et al., 2016; Gholampour et al., 2017; Gandomi
23 600.0 20.0 26.0 118.5 25.8 et al., 2014; Nazari & Torgal, 2013). Ozcan (2012) used
24 600.0 10.0 26.0 1185 30.1 GEP to develop a model for splitting tensile strength of
25 2000 0.0 18.0 613 152 cpncr?te. Beheshti et al. (2017) proposed a modejl for es-
timating shear strength of short rectangular reinforced
26 700.0 30.0 18.0 61.3 17.2 - . .
concrete column using Gene Expression Programing.
Table 2. Descriptive statistics of database variables
Variable Unit Range Min Max Mean Std. Deviation Median Skewness
T °C 667 23 700 315 233.25 400 0.1
S mm 50 10 60 30 18.82 25 0.7
F. MPa 14.57 65 38.48 16.22 39.5 0.2
Fy MPa 61.32 590 407.3 187.17 554 0.5
P, MPa 15.2 77.5 43.84 18.31 44.4 0.1
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Linking function

Figure 1. Example of GEP expression tree

Murad et al. (2019b) proposed predictive models for green
concrete using GEP. Gandomi et al. (2014) predict the
shear strength of slender RC beams using gene expres-
sion programing. Murad et al. (2019a) proposed a GEP
model to predict the bond strength of FRP-to-concrete
under direct pullout.

3.2. Numerical application

The GEP model that used in the current study is created
using GeneXproTools (Gepsoft, 2014). Several trials have
been conducted in order to develop the best model that
predicts the compressive strength of lightweight short
columns damaged by heat. Several GEP models are car-
ried out using the training and testing data. Different GEP
models are developed using different number of genes,
chromosomes, head size and linking function where the
model that best fit the experimental results is selected in
this study.

The selected GEP model is developed using two genes
with addition as a linking function. The GEP parameters
for the models are shown in Table 3 and the expression
trees for GEP model are shown in Figure 2.

Sub-ET 1

Sub-ET 2

Table 3. GEP setting parameter

GEP1

Function set + =%
Genes 2
Chromosomes 30
Head Size 8

Tail Size
Linking Function Addition
Constant per gene 4
Mutation rate 0.05
Inversion rate 0.1
Transposition rate 0.1
One point recombination rate 0.3
Two point recombination rate 0.3
Gene recombination rate 0.1
Gene transportation rate 0.1

The developed equation that predicts the compressive
strength of short columns is generated from the expres-
sion trees and is shown in Eqn (1). In the expression tree
dy, dy, dy, and dj are (T, S, f.', f,) respectively and c is
constant. It should be noted that the dimensional effects
are included in the model. The model predicts the com-
pressive strength in MPa. Thus, the compressive strength
P in Eqn (1) is the force / gross column area.

s? . f! +3.085+7.93
3.995-2.08 ! §2-9743T )

P=7.93+f/ —(
(1)

The developed models are then statistically evaluated
using the coefficient of determination (R?), mean absolute

Figure 2. Expression tree of the developed GEP model


https://www.researchgate.net/publication/335568284_Predictive_model_to_the_bond_strength_of_FRP-to-concrete_under_direct_pullout_using_gene_expression_programming
https://www.researchgate.net/publication/335568284_Predictive_model_to_the_bond_strength_of_FRP-to-concrete_under_direct_pullout_using_gene_expression_programming

Journal of Civil Engineering and Management, 2020, 26(2): 189-199 193

error (MAE), and root mean square error (RMSE) that
defined in Eqns (2) to (4).

3)

(4)

As shown in Table 4 the statistical values of R?, MAE,
RMSE for the training and testing input data are, 94.5, 3.1,
3.76 and 97.2, 2.8, 3.34 respectively. It can be seen that the
GEP model has shown an excellent correlation between
the predicted and measured values. In addition, the val-
ues of R? are high and the values of MAE and RMSE are
low for testing and validation and this indicates that the
GEP model has both prediction ability and generalization
performance.

Table 4. Performance of GEP model

GEP1 R? MAE RMSE
Training 0.945 3.1 3.76
Validation 0.972 2.8 3.34
All data 0.9578 3.01 3.63

Comparison between the predicted and experimental
values of column compressive strength for the testing,
validation and all data are shown in Figure 3 to Figure 5
respectively. It is shown that the distribution of points is
close to the ideal fit and hence the model has shown an
excellent capability in prediction the compressive strength.
The model either under-predicts the experimental strength
values by 14.9% or over predicts them by 19.4%.

4. Artificial neural network

4.1. Overview of artificial neural network

Artificial neural network (ANN) is a subfield of artificial
intelligence that simulates the human brain and nervous
system using computer software and electronic compo-
nents subjected to certain limitation (Ashteyat & Ismeik,
2018).

Artificial neural network has gain huge interest in the
last decade in solving many engineering problems due to
it is ability to simulate natural intelligence in the learning
from past experience. Artificial neural network is gener-
ally relied on experimental data that can be used to evalu-
ate the model.

The structure of ANN is composed of three main
parts, input layer, hidden layers, and output layer, as
shown in Figure 6. Input layer contains the variables (x;)
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Figure 3. Comparison between the predicted and experimental
values of training data using GEP model
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Figure 4. Comparison between the predicted and experimental
values of validating data using GEP model
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Figure 5. Comparison between the predicted and experimental
values of all data using GEP model

and the output layer contains the out parameters. The hid-
den layer can be one or more and consists of a number
of neurons (N;) that connected to each input and output
variable. Each neuron contains a weight wy;, bias b;; and a
nonlinear transfer function.

According to Shahin et al. (2009), each input x; is mul-
tiplied by a constant weight w;; then the sum is adjusted by
a threshold value 0. The combined input I; is then passed
through a nonlinear transfer function f(I;) to produce the
output y; as shown in Eqns (5) and (6).

Ij=ZWji*xl-+9j; (5)
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v =1(1) ()

Usually, the transfer function introduces the nonlin-
earity into the model. It may be of any form, and the one
used in this study is sigmoid function.

Artificial neural network has been successfully applied
to solve many civil engineering problems. Cascardi et al.
(2017) has used ANN to predict the compressive strength
of FRP-confined concrete circular column. Ashteyat and
Ismeik (2018) predict the residual compressive strength of
self-compacted concrete under various temperatures and
relative humidity conditions by ANN. Naderpour and
Mirrashid (2018) have proposed an ANN model to pre-
dict the compressive strength of mortars having calcium
inosilicate minerals. One of the difficulties in developing
an ANN model is that there is no definite function that
can calculate the outcomes using the input variables.

4.2. Numerical application

A multi-layered, feed-forward neural network with back
propagation algorithm is used in developing the model to
predict the compressive strength of heat damaged light-
weight short column.

In ANN, there are number of algorithm that can be
used in developing models. Levenberg-Marquardt (LM)
algorithm is used in this study as a learning rule in ANN
modeling. This algorithm is known for minimizing the er-
ror of neural network where it uses layered feed-forward
networks, in which, the neurons are arranged in layers,
signals are sent forward and errors are propagated back-
wards (Principe et al., 1999; Chithra et al., 2016) as shown
in Figure 6.

The neural network models are developed using Neu-
ral Network Toolbox in Statistica software. Several con-
figurations for ANN model are generated with different
number of neurons in the hidden layer and with different
number of hidden layers. The number of neurons in the
hidden layer is determined by a training number of net-
works with different numbers of hidden neurons and then
comparing the predicted and experimental values to find
the best network structure.

The ANN model is developed using 83 test data, ap-
proximately 70% of the data has been considered for train-

X1 ™

x) —>] -

X3 — = Vn

-
O

Output layer

QU0

Q00

Xy —*

Hidden layer

Input layer
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ing, 15% has been considered for testing and 15% has been
considered for validation. The best developed ANN model
is generated with one hidden layer and two neurons in the
hidden layer as shown in Figure 7. The momentum term
and learning rate are taken as 0.3 and 0.1, respectively.
The input and output transfer functions are logarithmic
as shown in Table 5. The model is then evaluated using
the coefficient of determination (R%), mean absolute error
(MAE), and root mean square error (RMSE). The values
of statistical parameters are shown in Table 5 for training,
testing, validation, and total data.

Table 5. Structure and performance of the ANN model

Model properties
Output Input Structure | Function
z TS, F, F, 4-2-1 sig-sig
Training parameters
R? MAE RMSE
97.94 2.68 3.77
Validation parameters
R? MAE RMSE
97.55 2.44 2.89
All datasets parameters
R? MAE RMSE
95.78 2.65 3.65
T —» XD
S —» x2>
F.! —»] x3\

N
RN

Figure 7. The optimal ANN architecture

) V

X1 W\1~
W

xy — 32

Xn = Win

N

Figure 6. A typical structure of an artificial neural network

n=fy A
Ny
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It is shown in Table 5 that the ANN model can ac-
curately predict the experimental strength of columns
as verified by the statistical indices. The R?, MAE, and
RMSE, values for the training dataset and validation da-
taset are 97.94, 2.68, 3.77 and 97.55, 2.44, 2.89 respectively.
The RMSE and MAE for the model are very low which
means that the errors in predicting column compressive
strength using ANN are very low. The ANN model either
under-predicts the experimental strength values by 13.4%
or over predicts them by 26.3%.

The ANN shows an excellent capability of prediction
compressive strength of lightweight short column at high
temperature. Figure 8 to Figure 10 show the comparison
between the experimental data and predicted values for
training, testing and validation and total data. The figures
show a good correlation between and predicted data for
the training, validation and all data set.

The following equation is proposed to predict the com-
pressive strength of lightweight short columns under ele-
vated temperature using ANN. It should be noted that the
dimensional effects are included in the ANN model. The
model predicts the compressive strength in MPa. Thus,
the compressive strength P in Eqn (7) is the force / gross
column area.

po 1.19+0.19¢770 ' )
0.01578(1+¢7% |

The procedures for calculating the parameter y, can be

summarized in the following steps.

- Firstly, normalize the input parameters (T, S, F, F))
using the amplitude and offset shown in Table 6.
Each input parameter is multiplied by the amplitude
and shifted by an offset as (X, = 9;,X,, + Of;,)-

- The second step is to calculate the input and output at
each hidden layer (N, and N,) using weight and bias
as shown in Table 7.

Input at each node in the hidden layer

80

y=0.9715x + 0.7864

60 R2=0.9794

40

20

Predicted compressive strength (MPa)

0 20 40 60 80
Experimental compressive strength (MPa)

Figure 8. Comparison between the predicted and experimental
values of training data using ANN model
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Figure 9. Comparison between the predicted and experimental
values of validation data using ANN model
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1
Output at each node in the hidden layer X, = ——— 20
I+e n
(9) .
- Calculate the normal value of the output in the out- 0 20 40 60 80 100
Experimental compressive strength (MPa)
put layer
. Figure 10. Comparison between the predicted and
Yo =2w, * X, +b,. (10) experimental values of all datasets using ANN model
Table 6. Input layer amplitude and offset Table 7. Weight and bias
Node Amplitude (a;,) Offset (Of,,) Wi 3.833 Wi 9.966 by -9.428
T 0.00133 0.01942 Wiy | 07592 | Wy, | 6474 | by, | 02021
S 0.018 013 Wy | -1375 | Wpyy | 02912
F, 0.01785 -0.21
F, 0.0017 -0.0543 Wz | 06681 | Wy, | -0.4417
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5. ACI formulation

The compressive strength of short columns under pure
axial load is predicted in this research using ACI-318-14
(ACI Committee 318, 2014) formulation and then com-
pared to the values obtained from GEP and ANN models.
ACI formulation is shown in Eqn (11). The ACI model
either under-predicts the experimental strength values by
36.2% or over predicts them by 131%.

P, =085 (A, — Ay )+ f, Ay (11)

where: A, - gross column area; A, - area of longitudinal
steel; P, — nominal compressive load (kN).

6. The sensitivity of the models

The sensitivity of the input parameters to the ACI, GEP
and ANN models is investigated in this section in order
to further validate the proposed models. It is shown in
Figure 11 that the GEP and ANN models are in agree-
ment with the trends of the ACI model. The compressive
strength of columns predicted using the ACI, GEP and
ANN models decreases by increasing the temperature and
spacing. The compressive strength of the columns pre-
dicted using the ACI, GEP and ANN models increases by
increasing concrete compressive strength and reinforce-
ment yield strength. The results are in agreement with the
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available experimental results and existing code formula-
tions. These observations confirm the consistency of the
GEP and ANN models.

7. Comparison between the predicted strengths
of short light-weight columns obtained using
GEP, ANN and ACI equations

A comparison is made in Figure 12 between the experi-
mental compressive strength results and the compressive
strengths of short light weight columns predicted using
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Figure 12. Comparison between the ACI, GEP and ANN models
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Table 8. Comparison between the proposed models
and ACI equation

Method MAE RMSE R? % Error
ACI 9.1 11.27 79.7 131
GEP 3.01 3.63 95.78 19.4

ANN 2.65 3.65 96.7 26.3

GEP, ANN model and ACI equation. Furthermore, Table 8
illustrates the statistics performance of the GEP, ANN
models and ACI equation for the total dataset. Both GEP
and ANN models can reasonably predict the compressive
strength of short columns and the results obtained using
the GEP and ANN models are closer to the experimental
results than that obtained using the ACI equations. They
have a very high R? and low MAE and RMSE compared to
the ACI equation. The maximum error in estimating com-
pressive strength of light weight short column was 26.3%
for the ANN model, 19.4% for the GEP model compared
to 131% for the ACI equation.

Conclusions

Most of the experimental programs available in the litera-
ture investigate the behavior of RC columns under normal
temperature. Few studies have been conducted to inves-
tigate the behavior of RC columns under elevated tem-
perature. Although there are some experimental programs
that investigate the behavior of lightweight short columns,
there is still lack of formulation that can accurately predict
their ultimate load at elevated temperature. Gene expres-
sion programming (GEP) and artificial neural network
(ANN) are used in this research to predict the compres-
sive strength of lightweight short column at elevated tem-
perature. A total of eighty-three data points are used in
developing the GEP and ANN models where 70% of the
data are used for training and 30% of the data are used
for validation and testing. The input variable parameters
are temperature, spacing between stirrups, compressive
strength and yield stress of steel. The results predicted us-
ing GEP and ANN model are then compared to the results
obtained using the ACI equation. The following points
summarize the research outcomes:

- Equations are provided to predict the compressive
strength of short lightweight column at elevated tem-
perature using ANN and GEP.

- Both GEP and ANN models can reasonably predict
the compressive strength of lightweight short col-
umns and the results obtained using the GEP and
ANN models are closer to the experimental results
than that obtained using the ACI equations.

— The statistical values (R2, MAE, RMSE) for all data
in the GEP, ANN and ACI models are (95.78, 3.01,
3.63), (96.7, 2.65, 3.65), (79.7, 9.1, 11.27) respectively.
The proposed GEP and ANN models have high R?
value and low MAE and RMSE (error). This confirms
that the proposed models can predict the compres-
sive strength of columns with reasonable accuracy.

- The ANN, GEP and ACI model either under esti-
mate or overestimate the compressive strength in a
margin of (-13.4% to 26.3%), (-14.9% to 19.4%) and
(-36.22% to 131%) respectively.

- The model validation results show the high capability
of the ANN and GEP models to predict the compres-
sive strength beyond the training domain.

— The proposed GEP and ANN models are expected to
be very useful for evaluating the compressive strength
of short light weight columns for design and analysis.

References

ACI Committee 318. (2014). Building code requirements for struc-
tural concrete (ACI 318-14). American Concrete Institute.
Al-Thairy, H. (2015). Effect of transverse reinforcement on the
axial compressive strenght of reinforced concrete columns.
Al-Qadisiyah Journal For Engineering Sciences, 9(1), 119-134.

Anilkumar, & Kumar, A. (2016). Experimental investigations on
structural lightweight concrete columns obtained by blending
of light weight aggregates. International Research Journal of
Engineering and Technology (IRJET), 3(9), 1395-1401.

ANSYS. (2008). https://www.ansys.com/

Ashteyat, A. M., & Ismeik, M. (2018). Predicting residual com-
pressive strength of self-compacted concrete under various
temperatures and relative humidity conditions by artificial
neural networks. Computers and Concrete, 21(1), 47-54.
https://doi.org/10.12989/CAC.2018.21.1.047

Beheshti, A. S. B., Ketabdari, H., & Gharebaghi, S. A. (2017).
Estimating shear strength of short rectangular reinforced
concrete columns using nonlinear regression and Gene ex-
pression programming. Structures, 12, 13-23.
https://doi.org/10.1016/j.istruc.2017.07.002

Benali, A., Boukhatem, B., Hussien, M. N., Nechnech, A., & Kar-
ray, M. (2017). Prediction of axial capacity of piles driven in
non-cohesive soils based on neural networks approach. Jour-
nal of Civil Engineering and Management, 23(3), 393-408.
https://doi.org/10.3846/13923730.2016.1144643

Bogas, J. A. & Gomes, A. (2013). Compressive behavior and
failure modes of structural lightweight aggregate concrete —
characterization and strength prediction. Materials & Design,
46, 832-841. https://doi.org/10.1016/j.matdes.2012.11.004

Cascardi, A., Longo, E, Micellj, E, & Aiello, M. A. (2017). Com-
pressive strength of confined column with fiber reinforced
mortar (FRM): New design-oriented-models. Construction
and Building Materials, 156, 387-401.
https://doi.org/10.1016/j.conbuildmat.2017.09.004

Cevik, A., & Sonebi, M. (2008). Modelling the performance of
self-compacting SIFCON of cement slurries using genetic
programming technique. Computers and Concrete, 5(5),
475-490. https://doi.org/10.12989/cac.2008.5.5.475

Chithra, S., Kumar, S. R. R. S., Chinnaraju, K., & Ashmita, E A.
(2016). A comparative study on the compressive strength
prediction models for high performance concrete containing
nano silica and copper slag using regression analysis and ar-
tificial neural networks. Construction and Building Materials,
114, 528-535.
https://doi.org/10.1016/j.conbuildmat.2016.03.214

Cusson, D., & Paultre, P. (1995). Stress-strain model for con-
fined high-strength concrete. Journal of Structural Engineer-
ing, 121(3), 468-477.
https://doi.org/10.1061/(ASCE)0733-9445(1995)121:3(468)



198 A. Ashteyat et al. Compressive strength prediction of lightweight short columns at elevated temperature ...

Esfahani, M. R., & Kianoush, M. R. (2005). Axial compressive
strength of reinforced concrete columns wrapped with fi-
bre reinforced polymers (FRP). In International Conference
“Repair and Renovation of Concrete Structures, University of
Dundee, Scotland, UK. https://www.icevirtuallibrary.com/
doi/abs/10.1680/rarocs.34051.0039

Farghal, O. A., & Diab, H. M. A. (2013). Prediction of axial com-
pressive strength of reinforced concrete circular short columns
confined with carbon fiber reinforced polymer wrapping
sheets. Journal of Reinforced Plastics and Composites, 32(19),
1406-1418. https://doi.org/10.1177/0731684413499830

Ferreira, C. (2001). Gene expression programming: A new adap-
tive algorithm for solving problems. Complex Systems, 13(2),
87-129.

Ferreira, C. (2002). Gene expression programming in problem
solving. In R. Roy, M. Képpen, S. Ovaska, T. Furuhashi, &
E Hoffmann (Eds.), Soft computing and industry (pp. 635-
653). Springer London.
https://doi.org/10.1007/978-1-4471-0123-9_54

Gandomi, A. H., Alavi, A. H., Kazemi, S., & Gandomi, M.
(2014). Formulation of shear strength of slender RC beams
using Gene expression programming, Part I: Without shear
reinforcement. Automation in Construction, 42, 112-121.
https://doi.org/10.1016/].AUTCON.2014.02.007

Gepsoft. (2014). Gepsoft GeneXproTools - Data modeling &amp
(Analysis software). https://www.gepsoft.com/

Gholampour, A., Gandomi, A. H., & Ozbakkaloglu, T. (2017).
New formulations for mechanical properties of recycled ag-
gregate concrete using Gene expression programming. Con-
struction and Building Materials, 130, 122-145.
https://doi.org/10.1016/]. CONBUILDMAT.2016.10.114

Gonzalez-Taboada, I., Gonzalez-Fonteboa, B., Martinez-Abella, E,
& Pérez-Ordoiez, J. L. (2016). Prediction of the mechanical
properties of structural recycled concrete using multivariable
regression and genetic programming. Construction and Build-
ing Materials, 106, 480-499.
https://doi.org/10.1016/]. CONBUILDMAT.2015.12.136

Haddad, R. H., & Ashour, D. M. (2013). Thermal performance
of steel fibrous lightweight aggregate concrete short columns.
Journal of Composite Materials, 47(16), 2013-2025.
https://doi.org/10.1177/0021998312453605

Jafari, S., & Mahini, S. S. (2017). Lightweight concrete design us-
ing Gene expression programing. Construction and Building
Materials, 139, 93-100.
https://doi.org/10.1016/j.conbuildmat.2017.01.120

Kayali, O. (2008). Fly ash lightweight aggregates in high perfor-
mance concrete. Construction and Building Materials, 22(12),
2393-2399.
https://doi.org/10.1016/j.conbuildmat.2007.09.001

Li, Y., Cao, S., & Jing, D. (2018). Concrete columns reinforced
with high-strength steel subjected to reversed cycle loading.
ACI Structural Journal, 115(4), 1037-1048.
https://doi.org/10.14359/51701296

Lim, J. C., Karakus, M., & Ozbakkaloglu, T. (2016). Evaluation of
ultimate conditions of FRP-confined concrete columns using
genetic programming. Computers & Structures, 162, 28-37.
https://doi.org/10.1016/j.compstruc.2015.09.005

Mander, J. B, Priestley, M. J. N., & Park, R. (1988). Theoretical
stress-strain model for confined concrete. Journal of Struc-
tural Engineering, 114(8), 1804-1826.
https://doi.org/10.1061/(ASCE)0733-9445(1988)114:8(1804)

Mostofinejad, D., & Moshiri, N. (2015). Compressive strength
of CFRP composites used for strengthening of RC columns:
Comparative evaluation of EBR and grooving methods. Jour-
nal of Composites for Construction, 19(5), 04014079.
https://doi.org/10.1061/(ASCE)CC.1943-5614.0000545

Mousavi, S. M., Aminian, P,, Gandomi, A. H.,, Alavi, A. H,, &
Bolandi, H. (2012). A New predictive model for compressive
strength of HPC using Gene expression programming. Ad-
vances in Engineering Software, 45(1), 105-114.
https://doi.org/10.1016/j.advengsoft.2011.09.014

Murad, Y., Ashteyat, A., & Hunaifat, R. (2019a). Predictive model
to the bond strength of FRP-to-concrete under direct pullout
using Gene expression programming. Journal of Civil Engi-
neering and Management, 25(8), 773-784.
https://doi.org/10.3846/jcem.2019.10798

Murad, Y., Imam, R., Abu Hajar, H., Habeh, D., Hammad, A., &
Shawash, Z. (2019b). Predictive compressive strength models
for green concrete. International Journal of Structural Integ-
rity. https://doi.org/10.1108/IJSI-05-2019-0044

Naderpour, H., & Mirrashid, M. (2018). An innovative approach
for compressive strength estimation of mortars having cal-
cium inosilicate minerals. Journal of Building Engineering, 19,
205-215. https://doi.org/10.1016/j.jobe.2018.05.012

Nazari, A., & Torgal, E. P. (2013). Modeling the compressive
strength of geopolymeric binders by Gene expression pro-
gramming-GEP. Expert Systems with Applications, 40(14),
5427-5438. https://doi.org/10.1016/j.eswa.2013.04.014

Obaidat, Y. T.,, & Haddad, R. H. (2016). Prediction of residual
mechanical behavior of heat-exposed LWAC short column:
A NLFE model. Structural Engineering and Mechanics, 57(2),
265-280. https://doi.org/10.12989/sem.2016.57.2.265

Ozcan, E (2012). Gene expression programming based formula-
tions for splitting tensile strength of concrete. Construction
and Building Materials, 26(1), 404-410.
https://doi.org/10.1016/j.conbuildmat.2011.06.039

Principe, J. C., Euliano, N. R., & Lefebvre, W. C. (1999). Neu-
ral and adaptive systems: Fundamentals through simulations.
Wiley.

Saatcioglu, M., & Razvi, S. R. (1992). Strength and ductility of
confined concrete. Journal of Structural Engineering, 118(6),
1590-1607.
https://doi.org/10.1061/(ASCE)0733-9445(1992)118:6(1590)

Saridemir, M. (2010). Genetic programming approach for pre-
diction of compressive strength of concretes containing rice
husk ash. Construction and Building Materials, 24(10), 1911-
1919. https://doi.org/10.1016/j.conbuildmat.2010.04.011

Seifi, M., Noorzaei, J., Jaafar, M. S., & Thanoon, W. A. (2008).
Enhancements in idealized capacity curve generation for re-
inforced concrete regular framed structures subjected to seis-
mic loading. Journal of Civil Engineering and Management,
14(4), 251-262. https://doi.org/10.3846/1392-3730.2008.14.24

Shahin, M. A,, Jaksa, M. B., & Maier, H. R. (2009). Recent ad-
vances and future challenges for artificial neural systems in
geotechnical engineering applications. Advances in Artificial
Neural Systems, Article ID 308239.
https://doi.org/10.1155/2009/308239

Shahrara, N., Celik, T., & Gandomi, A. H. (2017). Gene expres-
sion programming approach to cost estimation formulation
for utility projects. Journal of Civil Engineering and Manage-
ment, 23(1), 85-95.
https://doi.org/10.3846/13923730.2016.1210214



Journal of Civil Engineering and Management, 2020, 26(2): 189-199 199

Sheikh, S. A., & Uzumeri, S. M. (1980). Strength and ductility Sturm, R. D., McAskill, N., Burg, R. G., & Morgan, D. R. (2000).

of tied concrete columns. Journal of the Structural Division, Evaluation of lightweight concrete perfomance in 55 to 80
106(5), 1079-1102. year-old ships. Materials Science, 189, 101-120.

Soleimani, S., Rajaei, S., Jiao, P, Sabz, A., & Soheilinia, S. (2018). https://doi.org/10.14359/5848
New prediction models for unconfined compressive strength Tanyildizi, H., & Cevik, A. (2010). Modeling mechanical perfor-
of geopolymer stabilized soil using Multi-Gen genetic pro- mance of lightweight concrete containing silica fume exposed
gramming. Measurement, 113, 99-107. to high temperature using genetic programming. Construc-
https://doi.org/10.1016/j.measurement.2017.08.043 tion and Building Materials, 24(12), 2612-2618.

Sonebi, M., & Cevik, A. (2009). Genetic programming based https://doi.org/10.1016/j.conbuildmat.2010.05.001
formulation for fresh and hardened properties of self-com- Wu, T., Wei, H., Zhang, Y. & Liu, X. (2018). Axial compressive
pacting concrete containing pulverised fuel ash. Construction behavior of lightweight aggregate concrete columns confined
and Building Materials, 23(7), 2614-2622. with transverse steel reinforcement. Advances in Mechanical

https://doi.org/10.1016/j.conbuildmat.2009.02.012 Engineering, 10(3). https://doi.org/10.1177/1687814018766632



