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Abstract

Concrete-filled steel tube columns (CFSTCs) are preferred due to enhanced ductility and energy absorption. The capability
of an artificial neural network (ANN) based analytical model on estimating the ultimate load capacity of circular CFSTCs
under axial loadings has been investigated in this study. To provide a better prediction in modeling, 150 comprehensive
experimental data were obtained from circular CFSTC’s geometrical and mechanical properties, such as height, diameter,
thickness, the yield stress of steel, unconfined concrete strength, Young’s modulus of steel and concrete, etc., were examined.
The backpropagation-training practice available in ANN was used to update the weights of each layer based on the network
output error. For feedforward—backpropagation, the Levenberg—Marquardt algorithm was employed. The effectiveness of
the ANN model was developed using general-purpose software MATLAB® by training and predicting the ultimate load
capacity of circular CFSTCs. Finally, about 75% of the data were used for ANN training, and the remaining 25% was used
for testing the ANN model. The results show that the predicted values of ultimate load capacity using the ANN model agree
well with that of the corresponding experimental observations, and the percentage difference is about + 10%. Additionally,
a new engineering index, a20-index, was predicted to further verify the reliability of the model. The findings of this article
are new and will significantly contribute to the existing technology of ANN-based modeling in composite construction.

Keywords Concrete-filled steel tube column - Composite structures - Ultimate axial load capacity - Artificial neural
network (ANN) - Statistical modeling tool - Soft computing method

Abbreviations PYARS  Predicted ultimate load in the MARS-based
D Outer diameter of steel tube model
d, Direction vector PRYM  Predicted ultimate load in the RVM-based model
E Output error function R? Coefficient of determination R-squared
E,. Young’s modulus of concrete t Wall thickness of steel tube
E; Young’s modulus of steel, Wy Individual weight at epoch &
/- Unconfined concrete compressive strength x?i”’ Component of the input vector before
Iy Yield strength of structural steel normalization
g Nonlinear activation function xl’fi”' Component of the input vector after normalization
L Length of CFSTC x" Maximum value of all the components of the
m20  No. of samples whose value of the ratio experi- input vector before the normalization
mental to predicted lies between 0.8 and 1.2 x;”"” Minimum value of all the components of the input
N No. of dataset sample vector before the normalization
P, Ultimate axial load capacity n Learning rate
Pf Experimental ultimate load & Confinement factor
P Predicted ultimate load in the ANN-based model
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1 Introduction

The common form of composite elements in construction
is the steel-concrete composite elements, which are widely
used in the modern construction industry because of the
mechanical and economic advantages provided by the
composite techniques (as examined by Avci-Karatas et al.,
2018, 2019; Celik et al., 2015; Ghamari & Johari-Naeimi,
2021; Hoveidae & Radpour, 2021; Talyan et al., 2021).
The joining of two structural materials’ stronger proper-
ties, and hence, decreasing their weakness has resulted
in a superior performance against the individual use of
those materials. Steel-concrete composite elements such
as composite columns (i.e., completely/partially encased
and filled composite columns), composite beams, and
composite slabs use compressive strength of concrete
alongside the resistance to tension of steel, and when tied
together this results in a highly efficient and lightweight
unit that is commonly used for structures such as multi-
story buildings and bridges. As known to be composite
members, concrete-filled steel tube columns (CFSTCs)
offer many structural benefits such as high strength,
favorable ductility, and large energy absorption capaci-
ties, incorporating the advantages of steel and concrete.
The concrete strength is increased due to the confinement
effect provided by the steel tube. Moreover, the inward
local buckling of the steel tube is prevented by core con-
crete, which helps increase the load-bearing capacity and
enhances the ductility. CFSTCs also offer excellent static
and seismic performances. Because of these advantages,
CFSTCs are commonly used in buildings, bridges, towers,
substations, etc. CFSTCs were also used as bridge piers in
Japan and Europe (Abdelkarim et al., 2015; Kitada, 1998).
Further, CFSTCs were employed for retrofitting purposes
in earthquake-prone areas (Sakino & Sun, 2000). Soman
and Chandrakumar (2018) found that the ultimate load
of reinforced concrete (RC) square short/stub columns
strengthened with glass fiber reinforced polymer (FRP)
under axial loading and proposed an analytical model to
predict the ultimate load. Chalioris et al. (2020) conducted
experiments on shear critical T-shaped RC beams strength-
ened with epoxy bonded carbon FRP and found that
the enhanced the shear resistance. It was mentioned that
brittle failure mode was observed with delayed debonding
due to mechanical anchor. Moreover, the shear capacity of
retrofitted beams was estimated using different codes. It
was mentioned in the literature that the strength or failure
load of CFSTCs depends on material properties and steel
ratio (Schneider, 1998; O"Shea and Bridge 2000; Johans-
son & Gylltoft, 2002; Sakino et al., 2004; Han & Yao,
2004; Han et al., 2005). Various cross-sections of CFSTCs
such as circular, square, and rectangular were employed
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for the investigations. Several investigations were per-
formed on CFSTCs having various grades of concrete (for
instance, Uy, 2001; Liu et al., 2003; Liu et al. 2005; Lue
et al., 2007; Yu et al., 2008; Aslani et al., 2015). The load-
carrying capacity of CFSTCs with several grades, such
as 30, 60, and 100 MPa was investigated depending on
the effects of various steel tube thickness by Giakoumelis
and Lam (2004). Several experimental findings indicated
that Specification for Structural Steel Buildings (ANSI/
AISC 360-16) (2016), Eurocode 4 (EC4) (2004), Ameri-
can Concrete Institute (ACI), and Australian Standards
(AS) estimate conservatively the axial load capacities of
normal and high-strength CFSTCs. Ellobody et al. (2006)
conducted parametric studies on circular normal and high-
strength CFSTCs. From this study, it was observed that the
design strengths obtained by ACI and AS codes are found
to be conservative, but EC4 commonly overestimates. Lam
and Gardner (2008) carried out systematic studies on the
behavior of axially loaded square and circular CFSTCs
with concrete compressive strengths varying from 30 to
100 MPa. It was found that EC4 and Architectural Institute
of Japan (AlJ) design codes yielded conservative and can
be safely applied to normal strength CFSTCs. Xiong et al.
(2017) performed extensive investigations on CFSTCs
with high and ultrahigh strength concrete.

A general observation is that it takes a considerable
amount of time and effort to carry out experiments. Further,
numerical simulation requires accurate modeling to repre-
sent the realistic behavior of experimental findings. Several
statistical models were proposed in the literature to train
the data and predict the output. The meta-models (MMs)
are, in general, data-driven models that will be useful for
simulating the input/output behavior of the system. Train-
ing and testing are the two essential basic steps to construct
a MM. The training corresponds to fitting a model based
on the relations between the dependent and independent
variables, and testing involves comparing the predictions
of MM to the actual response. There are several advanced
statistical models or MMs such as artificial neural networks
(ANNSs), Gaussian process regression (GPR), least-squares
support vector machine (LS-SVM), multivariate adap-
tive regression splines (MARS), relevance vector machine
(RVM), and extreme learning machine (ELM)), etc., (Yuvaraj
et al., 2013; Yuvaraj et al., 2014; Mansouri et al., 2016;
Dutta et al., 2017; Kaur et al. 2017; Mansouri et al., 2017;
Prasanna et al., 2018; Murthy et al., 2019; Avci-Karatas,
2019; Gholampour et al., 2020). Each regression model has
its own merits and limitations.

ANN is a statistical modeling tool that originated from
the inspiration of biological neural networks. Artificial neu-
rons are interconnected to each other, where processing
required data using a connectionist approach to estimation.
Several studies were reported in the literature on ANN.
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Haque and Sudhakar (2002) predicted fracture toughness
and tensile strength of micro-alloyed steel using ANN. The
fracture parameters of concrete were also evaluated by Ince
(2004) using ANN, and compared to the findings of the two-
parameter model (TPM) and ANN. Akbas et al. (2011) pre-
dicted the seismic-induced demands on column splices by
ANN and found the predictions are to be satisfactory. Duan
et al. (2013) examined ANN's applicability to estimate the
compressive strength of recycled aggregate concrete. Cheng
and Cao (2013) proposed a novel ANN model to estimate
the shear strength of RC deep beams. Chithra et al. (2016)
developed multiple regression analysis and ANN models to
estimate the compressive strength of high-performance con-
crete made up of nanoscale silica and copper slag. Behnood
and Golafshani (2018) estimated the compressive strength
of silica fume concrete using ANN. It is a fact that conduct-
ing several experiments takes a considerable amount of time
and effort.

To design the optimum experiments, quick and prelimi-
nary information will be useful. Several models based on
the concept of ANN, SVM, RVM, MARS, GPR, etc., were
developed to predict the responses of structures/structural
components under various loadings. Input data are to be pre-
pared very carefully by identifying the dependent and inde-
pendent variables. Le (2020) highlighted a machine-learning
(ML) model on GPR to estimate the load capacity of square
CFSTCs. The nonlinear characteristics of CFSTCs (e.g.,
length and thickness of steel tube, the length-to-diameter
ratio of composite columns, concrete strength, etc.). Besides,
an artificial intelligence (AI) model was provided by Ngo
et al. (2021) using support vector regression (SVR), and
grey-wolf-optimization (GWO) to guess the ultimate load
capacity of circular CFSTCs. In the earlier studies, Avci-
Karatas (2019, 2021) proposed models to estimate the load
capacity of axially loaded circular CFSTCs based on the
concepts of MARS and RVM. In this analytical research
relevant to engineering practice, it is proposed to develop
an alternative statistical model based on ANN's concept for
estimating the ultimate load capacity of circular CFSTCs.
This will provide new insight into the work of CFSTCs.
In this way, the difference and concluding remarks derived
from the current study will be highlighted concerning the
MARS-based model, and RVM-based model in the previous
studies of Avci-Karatas (2019, 2021).

In this study, 150 experimental data and results of circu-
lar CFSTCs were collected from previous studies. The data
cover variations in steel yield strength, concrete compres-
sive strength, geometry, and material properties of circular
CFSTCs. The novelty of this research based on the current
requirements in the construction industry is that the kind of
comprehensive data assessed here is used on the prediction
of ultimate load capacity of circular CFSTCs through Al
tools and soft-computing technology. It should be noted that

applying this concept in civil/structural engineering is lim-
ited in the literature. About 75% of the total data have been
used for training and the remaining data has been used to
verify the models. In deep physical and engineering mean-
ing, a new engineering index, denoted as the 420 — index,
which was proposed by Asteris and Mokos (2020) was pre-
dicted to verify the reliability of the model further. This
paper, with new quantitative and qualitative results falls
within the scope of computational structural engineering
and deals with a topic still open to question since the exist-
ing published works in this field are limited.

To positively address the researchers in the field, a com-
parison of the results of existing analytical models, pre-
viously provided by Avci-Karatas using the same experi-
mental data in Avci-Karatas (2019) for the MARS-based
model and Avci-Karatas (2021) for the RVM-based model,
was presented regarding the superiority or advantages of
the ANN-based modeling and added as Sect. 5. Especially,
the load capacity calculations of composite columns have
been the subject of ANSI/AISC 360-16 and EC 4 design
specifications, including capacity calculations for CFSTCs.
Here, these specification formulas were defined to show the
effect of parameters on the capacity of CFSTCs (Al-eliwi
et al., 2017). Thus, considering true parameters in a suc-
cessful model, as proposed in this study, assured the strong
estimations, and increased the applicability of the proposed
formula in the design of axially loaded circular CFSTCs.

After providing a relevant literature review in this section,
the rest of the paper is arranged as follows: Sect. 2 illustrates
the experimental investigations of circular CFSTCs, Sect. 3
presents the structure and implementation of the performed
nonlinear ANN algorithm-based machine learning, and
Sect. 4 presents the modeling process about the develop-
ment of ANN-based models to predict the load capacity of
CFSTCs with circular sections under axial loadings, and
the validation check studies. The prediction of the ultimate
axial load capacity of circular CFSTCs using various ana-
lytical models was evaluated through MARS, RVM-based
models, and compared with the developed ANN-based
model in Sect. 5. Finally, Sect. 6 summarizes study findings
and provides study limitations.

2 Experimental Investigations of Circular
CFSTCs

Several experimental investigations were reported in the
literature on the performance of circular CFSTCs under
axial compression loadings. The test configuration consid-
ered herein is schematically given in Fig. 1. The loading
type in the experimental setup of monotonic validation tests
was conducted for short/stub concentrically loaded columns.
From the wide literature review, it was observed that the
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Fig. 1 Geometrical configuration of circular CFSTCs

ultimate axial load capacity, P,, depends on various fac-
tors, such as (1) outer diameter of steel tube, D, (2) wall
thickness of steel tube, ¢, (3) unconfined concrete compres-
sive strength, f., (4) Young’s modulus of concrete, E_, (5)
yield strength of structural steel, f,, (6) Young’s modulus
of steel, E,, (7) length of CFSTC, 'L, and (8) confinement
factor, £. Experimental data for 150 stub circular CFSTCs
were gathered from 22 several published references and will
be trained to develop and verify the ANN model. Table 1
presents the geometrical parameters (namely, cross-section
properties), material strength properties of concrete and
steel, and failure load of various circular CFSTCs with dif-
ferent confinement factors under axial load. The dataset has
wide-ranging column and test specimens parameters, vary-
ing from normal to high yield strength steels (f,= 186853
MPa), from normal concrete strength to ultra-high-strength
concrete (f, = 18-193 MPa), the outer diameter of circular
sections (D = 60-450 mm), the ratio of the outer diameter
to the thickness (D/t = 17-221), and the ratio of the length
to the outer diameter (L/D = 1.8 — 4.9), respectively. In the
definition of short and long CFSTCs, ANSI/AISC 360-16,
and EC4 are completely different, therefore, the term "short
"and "long" are classified according to the L/D ratio, where
the "short" is defined as a specimen with L/D ratio less than
or equal 4. In this paper, the investigated experimental data
for the CFSTCs were evaluated as stub columns since the
data sourced from the stub concentrically loaded columns.
As given in Table 1, these parameters cover adequately wide
practical ranges. Ekmekyapar and Al-Eliwi (2016) examined
the capacity and confinement of CFSTCs with three L/D
ratios, two D/t ratios, three concrete compressive strength
levels, and two steel qualities. The results showed that the
L/D ratio is a crucial parameter that has a direct impact on
the column capacity, while D/t and & does not have a direct

@ Springer

impact on the performance of CFSTCs (Ekmekyapar and
Eliwi 2016). However, the only parameter that makes the
load capacity of this type of composite column exceeds the
typical stub column capacity is the effect of confinement,
£. As the concrete in the circular tube is subjected to cir-
cular tension under sufficient &, the concrete compressive
capacity increases. The other parameters that also affect &
include D/t ratio, concrete strength, and steel strength. The
aim of the developed model in this research is to provide
a unique approach to obtain decreasing errors, complex-
ity, and reducing convergence of scattering amplitudes of
numerical results to experimental ones. To do so, it can be
an alternative to experimental studies and to estimate the
ultimate load capacity of circular CFSTCs. It can be noted
from Table 1 that E_ varies between 17810 and 66000 MPa
and E, varies in the range of 177000-213000 MPa. These
variations (e.g., including D/t and &, etc.) have been consid-
ered while producing model processes to increase the pos-
sibility of obtaining a stronger model. Note that the steps of
typical regression analysis are schematically diagramed in
Fig. 2. The regression algorithm requires proper input and
the associated meta-parameters. Each regression algorithm
assumes the specific parameters related to the anticipated
model. A vector of the model parameter in the output of any
algorithm can be suggested by minimizing an error measure
on the training data.

3 Artificial Neural Networks (ANNs)

More detailed information about ANNs, the methodology,
training, and validation of the data has been explained in
the earlier studies (Haque & Sudhakar, 2002; Ince, 2004;
Kamarthi & Pittner, 1999). An overview of soft-computing
approaches about the ANN concept is briefly summarized
as follows.

3.1 Feedforward-Backpropagation Neural
Networks

In feedforward networks (FFNs), the signals will travel in
one direction from the input neurons to the output neurons.
The inference is that the output of any layer does not affect
that same layer. Feedforward ANNs are straightforward
networks contecting inputs with outputs. FFNs are widely
used in pattern recognition. It can also be called a top-down
approach. The information transfer/distribution is parallel
for all nodes of the succeeding layer. Figure 3 describes
the FFNSs, typical three-layer feedforward multi-layer per-
ceptron network architecture with i, j, and o neurons being
the input, hidden, and output layers, respectively. Figure 3
consists of the activation function, weights, input variables,
and output variables, as explained in Bianconi et al. (2010).
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Table 1 Experimental test data
Source Specimen D t I. E, 5 E; L 13 D/t L/D P,
(mm) (mm) (MPa) (MPa) (MPa) (MPa) (mm) (kN)
Gardener and Jacobson C-SPECIMENS8  120.8 4.06 3440 27,566 452 191,536 2413 1962 30 2.0 1201
(Gardener & Jacobson, 1967;
Gardener, 1968)
C-SPECIMEN9  120.8 4.09 29.58 25,562 452 191,536 2414 2300 30 2.0 1201
C-SPECIMEN10 120.8 4.09 2592 23,928 452 191,536 2414 2625 30 20 1112
C-SPECIMEN13 152.6 3.18 20.89 21,482 415 203,395 304.8 1.766 48 2.0 1201
C-SPECIMEN14 152.6 3.15 23.10 22,589 415 203,395 304.8 1.581 48 2.0 1201
C-SPECIMEN4  101.7 3.07 31.16 26,236 605 207,050 203.3 2575 33 2.0 1068
C-SPECIMEN3  101.7 3.07 34.13 27,458 605 207,050 203.3 2351 33 2.0 1112
C-SPECIMEN3a 169.3 2.62 36.54 28411 317 195,811 305 0563 65 1.8 1307
Tomii et al. (1977) C-4HN 150 4.3 28.71 25,183 280 209,720 450 1.222 35 3.0 1203
C-4HN 150 4.3 28.71 25,183 280 209,720 450 1.222 35 3.0 1225
C-4HN 150 4.3 28.71 25,183 280 209,720 450 1.222 35 3.0 1200
C-3HN 150 3.2 28.71 25,183 287 190,120 450 0911 47 3.0 1040
C-3HN 150 3.2 28.71 25,183 287 190,120 450 0911 47 3.0 998
C-3HN 150 3.2 28.71 25,183 287 190,120 450 0911 47 3.0 980
C-2HN 150 2 28.71 25,183 336 211,680 450 065 75 3.0 882
C-2HN 150 2 28.71 25,183 336 211,680 450 065 75 3.0 882
C-4MN 150 4.3 21.95 22,020 280 209,720 450 1.599 35 3.0 1065
C-4MN 150 4.3 21.95 22,020 280 209,720 450 1.599 35 3.0 1087
C-4MN 150 43 21.95 22,020 280 209,720 450 1.599 35 3.0 1096
C-3MN 150 3.2 21.95 22,020 287 190,120 450 1.191 47 3.0 841
C-3MN 150 32 21.95 22,020 287 190,120 450 1.191 47 3.0 840
C-3MN 150 32 21.95 22,020 287 190,120 450 1.191 47 3.0 858
C-2MN 150 2 21.95 22,020 336 211,680 450 085 75 3.0 773
C-2MN 150 2 21.95 22,020 336 211,680 450 085 75 3.0 756
C-4LN 150 43 18.03 19,957 280 209,720 450 1946 35 3.0 963
C-3LN 150 3.2 18.03 19,957 287 190,120 450 145 47 3.0 1790
C-3LN 150 3.2 18.03 19,957 287 190,120 450 145 47 3.0 790
C-3LN 150 3.2 18.03 19,957 287 190,120 450 145 47 3.0 747
C-2LN 150 2 18.03 19,957 336 211,680 450 1.035 75 3.0 656
C-2LN 150 2 18.03 19,957 336 211,680 450 1.035 75 3.0 638
C-2LN 150 2 18.03 19,957 336 211,680 450 1.035 75 3.0 672
Sakino and Hayashi (1991) C-L-20-1 178 9 22.15 22,120 283 200,000 360 3.036 20 2.0 2042
C-L-20-2 178 9 22.15 22,120 283 200,000 360  3.036 20 2.0 2102
C-H-20-1 178 9 4537 31,658 283 200,000 360 1482 20 2.0 2667
C-H-20-2 178 9 4537 31,658 283 200,000 360 1482 20 2.0 2677
C-L-32-1 179 55 22.15 22,120 248 200,000 360 1.514 33 2.0 1467
C-L-32-2 179 55 2391 22982 248 200,000 360 1403 33 2.0 1530
C-H-32-1 179 55 43.61 31,038 248 200,000 360 0.769 33 2.0 2040
C-H-32-2 179 55 43.61 31,038 248 200,000 360  0.769 33 2.0 2030
C-L-58-1 174 3 2391 22982 266 200,000 360 0.809 58 2.1 1135
C-L-58-2 174 3 2391 22982 266 200,000 360 0.809 58 2.1 1135
C-H-58-1 174 3 45.67 31,762 266 200,000 360  0.423 58 2.1 1608
C-H-58-2 174 3 45.67 31,762 266 200,000 360 0.423 58 2.1 1677
Source Specimen D t I E, 1y E, L I3 D/t L/D P,
(mm) (mm) (MPa) (MPa) (MPa) (MPa) (mm) (kN)
O’Shea and Bridge (1994, 1998) NC-R12CF1 190 1.15  110.3 32,405 202 193,200 662  0.045 165 3.5 2991
NC-R12CF3 190 1.15  110.3 32,405 202 193,200 662  0.045 165 3.5 3137
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Table 1 (continued)

Source Specimen D t 1. E, 5 E; L I3 D/t L/D P,
(mm) (mm) (MPa) (MPa) (MPa) (MPa) (mm) (kN)

C-S10CS50A 190 0.86 41 17,810 211 177,000 659  0.094 221 3.5 1350
NC-S12CS50A 190  1.13 41 17,810 186 178,400 6645 0.11 168 3.5 1377
NC-S16CS50B 190 152 483 21,210 306 207,400 664.5 0.208 125 3.5 1695
S-S20CS50A 190 194 41 17,810 256 204,700 663.5 0.263 98 3.5 1678
C-S30CS50B 165 282 483 21,210 363 200,600 580.5 0.541 59 35 1662
S-S10CS80B 190 086 747 27,576 211 177,000 663.5 0.052 221 3.5 2451
NC-S12CS80A 190  1.13 802 28,445 186 178,400 662.5 0.056 168 3.5 2295
NC-S16CS80A 190  1.52 802 28,445 306 207,400 663.5 0.125 125 3.5 2602
C-S20CS80B 190 194 747 27,576 256 204,700 663.5 0.144 98 3.5 2592
C-S30CS80A 165 282 802 28,445 363 200,600 580.5 0.326 59 3.5 2295

Schneider (1998) C-Cl1 140.8 3 28.18 25,599 285 189,475 602 092 47 43 790
c-C2 1414 6.5 2381 23,528 313 206,011 602 2797 22 43 1332
Tan et al. (1999) C-Al-1 125 1 106 48,389 232 200,000 438  0.072 125 3.5 1275
C-Al1-2 125 1 106 48,389 232 200,000 438  0.072 125 3.5 1239
C-A2-1 127 2 106 48,389 258 200,000 445 0.161 64 3.5 1491
C-A2-2 127 2 106 48,389 258 200,000 445 0.161 64 3.5 1339
C-A3-1 133 35 106 48,389 352 200,000 465 0379 38 3.5 1995
C-A3-2 133 35 106 48,389 352 200,000 465 0379 38 3.5 1991
C-A4-1 133 47 106 48,389 352 200,000 465  0.524 28 3.5 2273
C-A4-2 133 47 106 48,389 352 200,000 465  0.524 28 3.5 2158
C-C-1 133 47 92 45,081 352 200,000 465 0.604 28 3.5 1854
C-C-2 133 47 92 45,081 352 200,000 465  0.604 28 3.5 1933
C-B-3 108 45 96 46,050 358 200,000 379  0.709 24 35 1518
Yamamoto et al. (2000) C-C10A-2A-3 101.8 3.03 232 22,638 371 200,000 305 2.088 34 3.0 628
C-C20A-2A 2164 6.61 243 23,169 452 200,000 650 2499 33 3.0 3278
C-C30A-2A 3183 1036 242 23,121 335 200,000 950 1995 31 3.0 6319
C-C20A-4A 2164 6.61 46.8 32,153 452 200,000 650  1.298 33 3.0 4214
C-C10A-4A-1 1019 3.03 513 33,663 371 200,000 305 0943 34 3.0 877
C-C30A-4A 3185 1036 522 33,957 334 200,000 950 0921 31 3.0 8289
Huang et al. (2002) C-CU-040 200 5 27.15 24,490 266 200,000 600  1.058 40 3.0 1951
C-CU-070 280 4 31.15 26,232 273 200,000 840 0523 70 3.0 3025
S-CU-150 300 2 2723 24,526 342 200,000 900  0.342 150 3.0 2608
Han and Yao (2004) C-scv2-1 200 3 49.5 37,420 304 206,500 600 0.386 67 3.0 2383
C-scv2-2 200 3 49.5 37,420 304 206,500 600 0386 67 3.0 2256
Giakomelis and Lam (2004) C-C7 1149 491 28.23 24,972 365 200,000 300.5 253 23 2.6 1020
C-C9 115 502 48.6 32,765 365 200,000 300.5 1.506 23 2.6 1378
C-Cl1 1143 375 48.6 32,765 343 200,000 300 1.026 30 2.6 1033
C-Cl12 1143 385 2571 23,831 343 200,000 300 1.997 30 26 761
C-C4 1146 399 83.6 42974 343 200,000 300 0.637 29 2.6 1308
C-C8 115 492 949 45786 365 200,000 300 0.753 23 2.6 1787
C-Cl4 1145 384 889 44315 343 200,000 300 0.575 30 2.6 1359
Source Specimen D t /. E, 5 E, L £ D/t L/D P,
(mm) (mm) (MPa) (MPa) (MPa) (MPa) (mm) (kN)
Sakino et al. (2004) C-CC4-A-4-1 149 296 405 29911 308 200,000 447 0.642 50 3.0 1064
C-CC8-A-8 108 647 77 41,242 853 200,000 324 3221 17 3.0 2667
C-CC8-C-8 222 647 71 41,242 843 200,000 666 1397 34 3.0 7304
S-CC8-D-8 337 647 851 43,357 823 200,000 1011 0.788 52 3.0 13,776

S-CC4-D-4-1 450 296 41.1 30,131 279 200,000 1350 0.182 152 3.0 6870
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Table 1 (continued)

Source Specimen D t 1. E, 5 E; L I3 D/t L/D P,
(mm) (mm) (MPa) (MPa) (MPa) (MPa) (mm) (kN)
S-CC4-D-4-2 450 3 41 30,131 279 200,000 1350 0.182 152 3.0 6985
Han et al. (2005) C-CAl-1 60 1.87 752 41,540 282 201,500 180  0.515 32 3.0 312
C-CA1-2 60 1.87 752 41,540 282 201,500 180  0.515 32 3.0 320
C-CA2-1 100 1.87 752 41,540 282 201,500 300  0.297 53 3.0 822
C-CA2-2 100 1.87 752 41,540 282 201,500 300  0.297 53 3.0 845
C-CA3-1 150  1.87 752 41,540 282 201,500 450 0.194 80 3.0 1701
C-CA3-2 150  1.87 752 41,540 282 201,500 450 0.194 80 3.0 1670
C-CA4-1 200 1.87 752 41,540 282 201,500 600  0.144 107 3.0 2783
C-CA4-2 200 1.87 752 41,540 282 201,500 600  0.144 107 3.0 2824
NC-CAS-1 250  1.87 752 41,540 282 201,500 750  0.115 134 3.0 3950
NC-CA5-2 250  1.87 752 41,540 282 201,500 750  0.115 134 3.0 4102
C-CB2-1 100 2 752 41,540 404 207,000 300 0.457 50 3.0 930
C-CB2-2 100 2 752 41,540 404 207,000 300 0457 50 3.0 920
C-CB3-1 150 2 752 41,540 404 207,000 450 0298 75 3.0 1870
C-CB3-2 150 2 752 41,540 404 207,000 450 0298 75 3.0 1743
S-CB4-1 200 2 752 41,540 404 207,000 600  0.222 100 3.0 3020
S-CB4-2 200 2 752 41,540 404 207,000 600  0.222 100 3.0 3011
S-CB5-1 250 2 752 41,540 404 207,000 750  0.176 125 3.0 4442
S-CB5-2 250 2 752 41,540 404 207,000 750  0.176 125 3.0 4550
C-CC2-1 150 2 80 41,540 404 207,000 450 0281 75 3.0 1980
C-CC2-2 150 2 80 41,540 404 207,000 450 0281 75 3.0 1910
S-CC3-1 250 2 80 41,540 404 207,000 750  0.166 125 3.0 4720
S-CC3-2 250 2 80 41,540 404 207,000 750  0.166 125 3.0 4800
Gupta et al. (2007) C-D3M4C2 89.32 274 33 26,999 360 200,000 340 1473 33 38 494
C-D3M4F13 89.32 274 3148 26,370 360 200,000 340 1.544 33 3.8 495
C-D3M4F22 89.32 274 3148 26,370 360 200,000 340 1.544 33 3.8 478
C-D3M4F33 89.32 274 28.19 24,954 360 200,000 340 1.724 33 38 529
C-D4M4C1 1126 289 30.84 26,101 360 200,000 340  1.297 39 3.0 702
C-D4M4F13 1126 289 3148 26,370 360 200,000 340 1271 39 3.0 757
C-D4M4F21 1126 289 2528 23,631 360 200,000 340 1583 39 3.0 659
C-D4M4F32 1126 289 262 24,057 360 200,000 340  1.527 39 3.0 638
Yu et al. (2007) C-SZ3S4A1 165 272 48 32,563 350 213,000 510 0506 61 3.1 1750
C-SZ3S6A1 165 273 672 38529 350 213,000 510 0363 60 3.1 2080
de Oliveira (2009) C-C-30-3D 1143 335 327 26876 287 206,000 3429 1.128 34 3.0 669
C-C-60-3D 1143 335 587 36,009 287 206,000 3429 0.629 34 3.0 946
C-C-80-3D 1143 335 888 44290 287 206,000 3429 0.416 34 3.0 1133
C-C-100-3D 1143 335 1055 48275 287 206,000 3429 0.350 34 3.0 1455
Source Specimen D t £ E, 5 E; L I3 D/t L/D P,
(mm) (mm) (MPa) (MPa) (MPa) (MPa)  (mm) (kN)
Lee et al. (2011) C-049C36 30 360 6 315 26,379 498 202,000 1760 1.109 60 49 6888
Xiong et al. (2017) C-C3 1143 3.6 173.5 63,000 403 213,000 250 0323 32 22 2422
C-C4 1143 3.6 173.5 63,000 403 213,000 250 0323 32 22 2340
C-Cs 1143 3.6 184.2 63,000 403 213,000 250 0304 32 22 2497
C-C6 1143 3.6 184.2 63,000 403 213,000 250 0304 32 22 2314
C-C7 1143 6.3 173.5 63,000 428 209,000 250 0.649 18 22 2610
C-C8 1143 6.3 173.5 63,000 428 209,000 250 0.649 18 22 2633
C-C9 219.1 5 51.6 28,000 377 205,000 600  0.684 44 2.7 3118
C-C10 219.1 5 185.1 66,000 377 205,000 600  0.199 44 2.7 7813
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Table 1 (continued)

Source Specimen D t 1. E, 5 E; L I3 D/t L/D P,
(mm) (mm) (MPa) (MPa) (MPa) (MPa) (mm) (kN)
C-C11 2191 5 193.3 66,000 377 205,000 600  0.191 44 27 8527
C-C12 219.1 10 51.6 28,000 381 212,000 600  1.489 22 2.7 4309
C-C13 219.1 10 185 66,000 381 212,000 600  0.435 22 27 9085
C-C14 219.1 10 193.3 66,000 381 212,000 600  0.416 22 27 9187
C-C15 219.1 6.3 163 66,000 300 202,000 600  0.231 35 2.7 6915
C-C16 219.1 6.3 1754 59,000 300 202,000 600 0.215 35 2.7 7407
C-C17 219.1 6.3 148.8 52,000 300 202,000 600 0.254 35 2.7 6838
C-C18 219.1 6.3 174.5 52,000 300 202,000 600 0.216 35 2.7 7569
Guler et al., (2013, 2014) C-CF3-1 76.19 299 145 56,595 278 200,000 300 0341 25 39 795
C-CF3.3-1 76.18 331 145 56,595 305 200,000 300 0419 23 39 847
C-C4NG-1 1142 4.02 115 50,402 306 200,000 400 0418 28 3.5 1428
C-C6NG-1 1143 598 115 50,402 314 200,000 400 0.675 19 3.5 1833
Han et al. (2014) C-c0 160 383 51 33,900 409 200,000 480  0.827 42 3.0 2023

Fig.2 Typical flowchart for
regression

Input
(novel)

Training data
(inputs/targets)

Model params Evaluate

Regression

Meta-params algorithm

Model

Output
(prediction)

Backpropagation neural networks are employed in this study ~ where, w, = an individual weight at epoch &, = the learn-
due to its high capability of data mapping (Hecht-Nielsen,  ing rate, and the direction vector d, is negative of the gra-
1989). Backpropagation learning is primarily based on the  dient of the output error function eEe as stated below in
gradient descent along the error surface (Gallant, 1987;  Eq. (2):

Haykin, 1998; Kamarthi & Pittner, 1999). The weight
adjustment is proportional to the negative gradient of the
error to the weight. The mathematical representation is given

by Eq. (1):

Wis1 = Wi +ndy ¢))

d, = =VE(w) )

3.2 Transfer Function

There exist five types of transform functions, including
the linear function, threshold function, sigmoid function,
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Fig.3 Typical feedforward network (FFN) model

hyperbolic tangent function, and radial basis function to
transform the input signal into output (Roshan, 2007). In
this paper, the sigmoid transfer functions are used. The
log and tan sigmoidal functions were used for squashing

3.3 Error Backpropagation Algorithm

Error backpropagation (EBP) algorithm is the most popular
and can be used for neural network training. The rule for this
algorithm is represented in Eq. (3):
Aw, = —ag;

3

where, w and g, as stated above, can be calculated using the
following equations:

0E OoE OE

g=|—>—>— 4)
Wy Wy W3

w = Wy, Wy, wy -] ©)

This algorithm has been developed based on gradient opti-
mization. Although it is easy and stable in the training pro-
cess, it became unpopular due to its limited power and slow
convergence.

3.4 Newton Algorithm

Newton algorithm, is also known as the gradient descent algo-
rithm, using the derivative of a gradient to evaluate the change
of the gradient, then selects proper learning constants in each
direction (Osborne, 1992). The rule for this algorithm is com-
puted by the following equation.

the weights between the layers (Fig. 4). To build a neural  Aw;, = — k_l 8k 6)
network that performs some definite task, one chooses how
the units are connected to another and sets the weights on ~ Where, g and H are defined as follows:
the connections appropriately. The connections conclude OE
whether it is possible that one unit to influence another. 8 = 5~ @)
The weights specify the strength of the influence. '
Fig.4 Transfer functions a a

+1 +1

. —/
/) 0 >
-1 -1

a=logsig(n)

a=tansig(n)
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€p,1
The mathematical formula for computing E is shown in €p2
Eq. (9). This algorithm has a faster convergence than the EBP
algorithm. However, the training process is unstable and, | €

computing second-order derivatives is time-consuming. Due
to these drawbacks, this algorithm became unpopular.

1
E= §Z§=1ZZ:1EIZMH ©

3.5 Gauss-Newton Algorithm

This algorithm has a slight modification of Newton algorithm,
i.e., the elimination of the second-order derivatives in the
Newton method was done by introducing the Jacobian matrix
(J). This algorithm has faster convergence; however, the sta-
bility in the training process is negative, and for this reason,
a newer algorithm is required. This algorithm is stated using
the following equation:

Aw, = —(J[J " TTey) (10)
where, g and H are defined as follows:

g=J'e (11)

H~JJ (12)

Here J, and e can be written as follows:

r delyl dem 06‘1'1 T
ow ow, ow
delvlz 031.22 0611'\;
ow; 0w, owy
deyy  deyy dey
ow,  ow, owy

J = (13)
dep;  Oep, dep,
ow;  Ow, owy
depy  depy depy
ow;  Ow, owy
d¢py Oepy 9epy
L ow;  ow, owy
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3.6 Levenberg Marquardt algorithm

Levenberg—Marquardt (LM) algorithm is an iterative tech-
nique that identify the minimum of a multivariate function,
which is expressed as the sum of squares of nonlinear real-
valued functions (Levenberg, 1944; Marquardt, 1963). This
technique was found to have diversified applications (Mittel-
mann, 2004). This technique is evolved as a combination of
steepest descent and the Gauss—Newton method. When the
current solution is far from the correct ones, the algorithm
behaves like a steepest descent method: slow but guaran-
teed convergence to 1. When the current solution is near
the correct solution, it becomes a Gauss—Newton method.
Here, a short explanation of the LM algorithm based Mad-
sen et al. (2004) is supplied. LM algorithm combines the
features of the blend EBP algorithm and Gaussian-Newton
algorithm, eventually, it can be determined using Eq. (15).

-1
Awe = =TT+ wld)” Jiey 15)

During evaluation, when error increases and y increase,
LM algorithm switches to EBP algorithm. However, when
the evaluation error decreases and yu decreases, LM algo-
rithm switches to Gaussian-Newton method. This algorithm
has both fast convergence and stable training. Compared to
all other algorithms, the LM algorithm is more powerful.
Despite its more complex computation, it has better search-
ability. Notwithstanding that a detailed analysis of the EBP,
Gaussian-Newton, and LM algorithms can be referred to
Madsen et al. (2004) and Gavin (2013).

4 ANN-Based Modeling Process

The primary goal of this investigation is to employ ANN
principles to develop a model to predict the load capacity of
circular CESTCs. The general-purpose MATLAB® R2016a
software is used to develop an ANN-based model and dis-
cussed in more detail.
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4.1 Input and Output

One hundred fifty datasets obtained from the results of the
axial test on CFSTCs were used in the ANN-based model.
The ultimate load capacity of CFSTCs, P,, depends on
several parameters given in Table 1 such as f,, E,, f,, E, &,
D/t, and L/D, and these parameters were considered input
terminals in the input layer for the ANN model, while P,
is the ANN’s output.

4.2 Architecture on ANN

In this research, backpropagation ANN architecture has
been employed, which contains four layers, i.e., one input
layer, two hidden layers, and one output layer. The transfer
function ‘tansig’ was considered between the input and
first hidden layers; ‘logsig’ was considered between the
first hidden layer and the second hidden layer; ‘logsig’ was
further used between the second hidden layer and output
layer. The transfer functions and the number of nodes in all
layers remain the same for all models. The transfer func-
tions used in MATLAB® for tan and log sigmoidal func-
tions is shown in Eqs. (16), and (17), separately (Beale
et al., 2010; Demuth et al., 2006).

tansig(n) = 2/(1 + exp(=2 * n)) — 1 (16)

logsig(n) = 1/(1 + exp(—n)) (17)

4.3 Training of ANN

About 75% of the total data sets are used to the ANN for
training, while the remaining datasets are used to vali-
date the developed model. The architecture of ANN is
described in Fig. 5. The data that form an input vector
(indicated in Table 1) have different quantitative limits.
For this reason, data normalization (between O and 1) was
done using Eq. (18) before developing the ANN-based
model.

. x;z _ x;nm
= 18)
i x;nax _ x;mn

where, x¢ and x7 i

? " component of the input vector before
and after normalization, respectively. x"™ and x"" are
the maximum and minimum values of the components of
the input vector before normalization. The training phase
of ANN converged at about 1000 iterations or epochs for
P, (see Fig. 6). To check the accuracy of a neural network

structure, accordingly, to evaluate correlations of training
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Fig.6 Training performance for Pu

data and testing data, the “Mean Squared Error” (MSE) cri-
terion was considered in this study.

4.4 Testing of ANN

After the development of the ANN model, the model was
verified with the remaining 25% dataset. The findings were
listed and compared in Table 2. The ultimate load capacity
predictions through the developed ANN model in the forms
of time variation and scatter plot are illustrated in Fig. 7. The
output vector obtained from the ANN model was normalized,
in doing so, the normalized data were reverted to its actual
value by using Eq. (19) as given as follows:

X = (s ) (19)

i
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Table2 Comparison of

expe.rirnental I\)/alues with z}i/IPa) (fj{/[Pa) ¢ b/ L/p P 5(kN ) P ﬁNN(kN ) P 3NN/ P f

predicted results
25.92 452 2.625 30 2.0 1112 1054 0.95
23.10 415 1.581 48 2.0 1201 1124 0.94
34.13 605 2.351 33 2.0 1112 1027 0.92
28.71 287 0911 47 3.0 1040 1002 0.96
28.71 287 0911 47 3.0 998 965 0.97
21.95 280 1.599 35 3.0 1087 1003 0.92
21.95 280 1.599 35 3.0 1096 1021 0.93
21.95 287 1.191 47 3.0 840 865 1.03
18.03 280 1.946 35 3.0 963 975 1.01
18.03 287 1.45 47 3.0 790 821 1.04
18.03 287 1.45 47 3.0 747 732 0.98
18.03 336 1.035 75 3.0 672 632 0.94
22.15 283 3.036 20 2.0 2102 2043 0.97
45.37 283 1.482 20 2.0 2667 2543 0.95
2391 248 1.403 33 2.0 1530 1598 1.04
43.61 248 0.769 33 2.0 2030 2078 1.02
45.67 266 0.423 58 2.1 1608 1654 1.03
110.3 202 0.045 165 35 2991 2876 0.96
48.3 306 0.208 125 35 1695 1604 0.95
74.7 211 0.052 221 35 2451 2376 0.97
80.2 186 0.056 168 35 2295 2204 0.96
28.18 285 0.92 47 4.3 790 732 0.93
23.2 371 2.088 34 3.0 628 639 1.02
24.3 452 2.499 33 3.0 3278 3365 1.03
24.2 335 1.995 31 3.0 6319 6421 1.02
77 843 1.397 34 3.0 7304 7120 0.97
85.1 823 0.788 52 3.0 13,776 13,432 0.98
41.1 279 0.182 152 3.0 6870 6643 0.97
75.2 282 0.515 32 3.0 320 301 0.94
75.2 282 0.115 134 3.0 4102 3987 0.97
80 404 0.166 125 3.0 4800 4621 0.96

where, x:’ is the normalized result obtained after the test for
the i component and x{ is the real results obtained for the
i component, respectively. As can be observed in Table 2
and Fig. 7, the experimental ultimate load-bearing capacity
values, P,, and predicted values by the ANN-based model,
PAN “are in excellent agreement. Figure 7 is a regression
plot where network target (experimental axial load capaci-
ties) and output (predicted axial load capacities) data are
plotted for each data point, as x and y coordinates, respec-
tively. The variation between the predicted and the corre-
sponding experimental values is found to be +10%; hence,
the developed ANN model is robust and reliable. The devel-
oped model was assessed using prominent engineering indi-
ces. For example, the coefficient of determination R-squared
(R?) is a statistical measure of how close the data are to
the fitted regression line and assign values between 0 and
100%. 0% proves that none of the variability of the response

@ Springer

data predicted by the model is around its mean, while 100%
means that the variability of the response data is around
its mean. The higher R> means the better model fitting the
data. In the present study, the ANN-based model with R?
of 0.9993 is a higher performance capacity for prediction,
indicating that the fitted regression of the predicted value is
closer to the experimental data. Further, a new engineering
index, a20 — index, has been proposed by Asteris and Mokos
(2019) to verify the reliability of developing an ANN-based
model. The final rank of the model was calculated by sum-
ming the ranking values for both training and testing stages
(Eq. (20)).

m20

a20 — index = (20)
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where, N = No. of dataset sample, m20 = No. of samples
whose value of the ratio experimental to estimated lies
between 0.8 and 1.2. For the best model, a20 — index should
be 1. The proposed a20-index has the advantage that its
value has a physical engineering meaning. It represents the
number of samples that predict values with a deviation of
+20% compared. In this paper, a20 — index, for the case of
training data set is 0.9832, and for validation, it is 0.9521. It
shows the number of samples that the predicted values with
a margin of +20% against experimental observations.

5 Estimation of Load Capacity of Circular
CFSTCs Using Various Analytical Models

Various models were conducted in the prior investigations
considering the techniques for developing some statistical
models to predict the ultimate axial load capacity of cir-
cular CFSTCs. For example, employing MARS and RVM
modeling concepts to predict the ultimate load capacity of
CFSTCs are reported in Avci-Karatas (2019, 2021). The
author has proposed expressions to predict the same using
soft computing methods of MARS and RVM-based models
regarding modeling’ applicability and capability. The input
parameters of ANN developed here, to obtain the possibil-
ity of obtaining a stronger model, were the same param-
eters of data used previously in developing the MARS, and
RVM-based models. Accordingly, the analytical conclu-
sions of the ANN-based, the MARS-based, and the RVM-
based models were briefly compared. The minimum and
maximum values for the ratio of predicted and the experi-
mental ultimate load in the ANN-based model, P*M /PE,

4000 6000 8000
Predicted value (kN)

10000 12000 14000

16000

14000 4

12000 4

10000 -

8000 -

6000 -

Experimental values (kN)

4000 -

2000 -

0 T T T T T T T
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Predicted values (kN)

Fig. 8 Comparison of performance of ANN, MARS, and RVM-based
models developed by Avci-Karatas (2019, 2021)

was found to vary in between 0.92 and 1.04 (see Table 2),
while in the MARS-based model, PMARS /PE " varied in
the range of 0.87 to 1.10, and PRY™ /PE was found to vary
between 0.90 and 1.06 in theRVM-based model. The find-
ings presented in this paper showed that a satisfactory per-
formance target, such as reduced convergence on the more
scattering amplitudes of numerical results to the experi-
mental ones, was performed by the newly developed ANN-
based model for the considered data. A brief comparison
of the above investigated models for the same data is given
in Fig. 8. The detailed comparison of the experimental
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values with the predictions of ANN, MARS and RVM are
given in Fig. 9. Although, these two methods (i.e., MARS
and RVM) are powerful soft-computing techniques, ANN
reduces the running time substantially faster, regarding
accuracy for the investigated scope in the present research.
It can be explained that the ANN model yields preferable
results than those of the MARS and RVM-based mod-
els to estimate the load capacity of circular CFSTCs. It
can be said that there is an improved forecasting accuracy
with ANN instead of MARS and RVM results based on
the findings. Accordingly, this research verifies that if the
order of preference for the best analytical modeling perfor-
mance among these is made, it can be done in the form of
ANN, RVM, and MARS-based modeling to estimate the
ultimate load capacity of circular CFSTCs, respectively.
Meanwhile, the other codes of practice such as design
specifications used to predict the load capacity of CFSTCs,
i.e., ANSI/AISC 360—16, and EC4, are now considered
in the context of this research. Table 3 shows the limita-
tions of these design specifications:where K is the effective
length factor based on column’ end boundary conditions, A
refers the relative slenderness, & is the ratio of steel contri-

bution, and w, is the concrete density in the range between
1500 and 2500kg /m>.
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Table 3 Design specification limitations for ANSI/AISC 360—16 and
EC4

Parameters ANSI/AISC 360—16 EC4

/,(MPa) f, <525 235 < f, < 460

£.(MPa) 21<f. <70 20 <f. <60

E, 0.043w!3 /1. 22000(:28)"
10

D/t 50.31(%) 590(2%)

Steel amount > l%ofgrossarea 02< s <09

Slenderness KL/r <200 AL2

e ANSI/AISC 360-16

In the code of ANSI/AISC 360—16, which no big
effect of £ on its consideration, the CFSTC sections are
classified as compact (D/1 < 4, = 0.15E/f,), noncom-
pact (4, < D/t < A, = 0.19E,/f,), or slender (D/t > 4,).
Furthermore, all for sections should be in the limitation
of D/t < 0.31E/f,). According to ANSI/AISC 360-16,
the section types are classified in Table 1, and denoted
by “C-” for compact, “NC-" for noncompact, and “S-”
for slender as the prefix of specimen name. The nominal
compressive strength of CFSTCs, PA5¢, shall be deter-
mined as follows:



International Journal of Steel Structures (2022) 22(5):1341-1358

1355

Puo | P,
PPC =P, [0.658 2 ] 2 <225 @1
PC = 22)
where, P, is the nominal strength of the composite sec-

tion, and P,is the Euler critical load. For compact sec-
tion, P, is calculated as:

Pno = Pp = Asfy +Ac§fc (23)

where, P, is the plastic strength of the circular section, A,
and A, are the cross-sectional areas of the steel tube, and
the concrete, respectively. ANSI/AISC 360—16 adopts
the confinement effect of a circular section as & = 0.95.
For noncompact section, P, is evaluated as:

P, - (Asﬁ +0.7Af.)

Py,=P,— (A=2,7 (24)
' ’ (ir - /lp)
For slender section, P, is given by:
0.72f,
P, —Asﬁ +0.7A,f. @5)
(2)p

o EC4
In EC4, which takes the effect of & on its consid-
eration, the plastic compressive capacity of circular
CFSTCs, Pfc“, is calculated as follows:

1
PECY = Af, + A, <1 + nJ—}) (26)

where, 77, = the steel reduction factor, and #,. = the con-
crete enhancement factor can be obtained as:

n,=0253+24) <10 27)

n,=49-18512>0 (28)
EC4 takes the ¢ effect w1th1n its consideration that rep-
resents by the term (1 + 7, —) as shown in Eq. (26). 1 1is

the relative slenderness ratlo which is given by:

(Aj} +AJf.) 0.5
(2EJA+K,EL) — (29)

ecle

(KLY

|
Il

where, I, I. are the moment of inertia of steel tube sec-

tion and concrete section, respectively. The confinement
effect is considered, if the value of does not exceed 0.5.

The correction factor, K, = 0.6. EC4 considered the
effect of imperfections by a reduction factor y:

X = ! OSSLO

0,5[1 +a<2—2) +ﬁ] +((0‘5[1 +a(I—2) +ﬁ])2 -2
(30)
The imperfection factor, @ = 0.21 for circular CFSTCs.
The parameters of geometrical and material properties
of specimens are the effect on the predictions of both
codes with different percentages. The calculation meth-
ods defined in the specifications are used within certain
limits. It can be found for the specifications that these
design models underestimate the ultimate load capacity
of circular CFSTCs. The performance of the proposed
formula in this paper is valid within the limits of the data-
set used also includes data beyond these limits regarding
existing these specifications. As mentioned before, the
effecting of key parameters for circular CFSTCs to the
predicted load capacity for this research was considered,
and verified by experimental ones.

6 Conclusions

In the present day design case scenarioa with the addition
of experimental work, usage of appropriate software adds
quality and enhances the validity of the work. In the pre-
sent study, by employing the ANN modeling concept, an
advanced statistical model has been developed to predict the
ultimate capacity of circular CFSTC members under axial
compression loadings. Large data on CFSTCs considering
variations in the geometrical and mechanical properties have
been collected and consolidated for developing a model. Key
input variables have been identified for predicting the ulti-
mate capacity of CFSTCs. For developing an ANN model,
the backpropagation-training technique was employed for
updating the weights of each layer based on the error in the
network output. The ANN architecture consists of one input,
one output, and two hidden layers. The sigmoidal transfer
functions are used for squashing the weights between the
layers. Levenberg—Marquardt algorithm was used for feed-
forward-backpropagation. ANN model was developed using
MATLAB® software for training and prediction of the ulti-
mate load capacity of CFSTC. ANN has been trained with
about 75% of the total datasets and tested with about 25%
of the remaining data sets. The predicted ultimate capacity
is compared with that of the corresponding experimental
value and the percentage difference between the predicted
values and the corresponding experimental values is found
to be less than 10%. R? = 0.9993, meaning the developed
model fits the data nearly perfectly. The ratio of predicted
and the corresponding experimental ultimate load PAYN / PE
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was found to vary between 0.92 and 1.04. It shows the strong
modeling that the predicted and actual values of the axial
load capacity are much closer. In this regard, the proposed
ANN-based model was trained, verified, and evaluated by
conducting the difference from the previous model and the
new concluding remarks derived from the findings. An eval-
uation was made by comparing the performance of analyti-
cal models (i.e., MARS and RVM) improved by the author
on the same data in the previous studies. In this regard, the
design specifications for the circular CFSCTs described
in ANSI/AISC 360—16, and EC4 were discussed to make
verification on the considered input data, which affect the
load capacity. As a result, the reliability of the newly devel-
oped model has been validated with a dataset comprising
150 experimental data results available in the literature. In
this regard, the developed ANN-based model will serve as a
beneficial tool for handling structural engineering problems
of the design of circular CFSTCs in accordance with experi-
mental investigations.
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