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Abstract:  

In this paper an Artificial Neural Network (ANN) model is developed for the prediction of the 
ultimate compressive load of rectangular Concrete Filled Steel Tube (CFST) columns, taking into 
account load eccentricity. To this end, an experimental database of CFST specimens from the 
literature has been compiled, totaling 1224 individual tests, both under concentric and under 
eccentric loading. Except for eccentricity, other parameters taken into consideration include 
the cross section width, height and thickness, the steel yield limit, the concrete strength and 
the column length. Both short and long specimens were evaluated. The architecture of the 
proposed ANN model was optimally selected, according to predefined performance metrics. 
The developed model was then compared against available design codes. It was found that its 
accuracy was significantly improved while maintaining a stable numerical behavior. The 
explicit equation that describes mathematically the ANN is offered in the paper, for easier 
implementation and evaluation purposes.  
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Nomenclature 

 

ANN(s) Artificial Neural Network(s) 
Ac Area of Concrete Core Section 

As Area of Steel Tube Section 

Asc Area of Composite Section 

B Width of Tubes Section 

BPNN Back Propagation Neural Network 

CFST Concrete Filled Steel Tube 

Co Competitive transfer function 

Ec Concrete Modulus of Elasticity 

Es Steel Modulus of Elasticity 

f'c Concrete Compressive Strength 

fy Steel Yield Strength 

fu Steel Ultimate Strength 

GUI Graphical User Interface 

H Height of Tubes Section 

HTS Hyperbolic Tangent Sigmoid transfer function 

Is Moment of Inertia of Steel Tube Section 

Ic Moment of Inertia of Concete Core Section 

L Length of Column 

Le Effective Length of Column 

Li Linear transfer function 

LS Log-Sigmoid transfer function 

MAPE Mean Absolute Percentage Error 
MSE Mean Square Error 
N Axial Load Capacity 

Nb Buckling Capacity of Column 

Ncr Elastic Critical Bucking Load 

Npl Squash Load 

NRB Normalized Radial Basis transfer function 

PLi Positive Linear transfer function 

R Pearson correlation coefficient 

RB Radial Basis transfer function 

SM Soft Max transfer function 

SSE Sum Square Error 

SP Superplasticizer 

SSL Symmetric Saturating Linear transfer function 

t Wall Thickness of Steel Tubes 

TB Triangular Basis transfer function 𝜉 Confinement Factor 𝜌 Concrete Density 

  



 

 

1. Introduction 

Reinforced concrete and bare steel columns are well known and widely used in building 
construction, enjoying a thorough experimental verification of their behavior, established 
standards for their design, and a manufacturing and detailing expertise readily available in the 
industry. Each one, offers a number of advantages but is also accompanied by a number of 
restrictions. Specifically, bare steel columns offer great strength, with a minimal footprint and 
also facilitate construction speed. However, they often require lateral restraining in order to 
prevent instabilities such as flexural buckling or flexural-tortional buckling. On the other hand, 
reinforced concrete columns, offer satisfactory strength, generally unaffected by instabilities, 
however this is limited by the level of confinement available to concrete while their footprint on 
floor space is increased and speed of construction is slower.  

 

Concrete Filled Steel Tube (CFST) columns offer a combination of the advantages originating 
from their concrete and steel parts. They are constructed from a steel tube, most commonly of 
circular or rectangular section, which is filled with concrete. Normally, no steel reinforcement is 
placed within the concrete. The required confinement for the concrete is provided by the steel 
tube, surrounding the concrete core. Furthermore, the steel tube serves as formwork for the 
concrete, enhancing speed of construction. On the other hand, the concrete core restraints inward 
deformations of the steel tube, enhancing its local stability, whereas the combined stiffness of 
steel and concrete parts, enhances the column global stability. These synergies, lead to increased  
strength characteristics, surpassing that of the respective individual parts.  

 

This paper investigates the ultimate load capacity of rectangular CFSTs taking into account 
load eccentricity. Considering the axial compressive capacity, a great number of experimental 
investigations is available in the literature, most often for square but also for non-square 
rectangular sections. Significant early works include Kloppel & Goder (1957)[1], Furlong 
(1967)[2], Knowles and Park (1969)[3], Gardner and Jacobson (1967)[4] and Tomii et al. 
(1977)[5]. Key aspects of rectangular CFST design that influence their ultimate behavior have 
become the subject of research investigation over the past years. These include the slenderness of 
the steel section, the length of the column, the aspect ratio of the tube section dimensions, the use 
of high strength steel or concrete and the detailing. The slenderness of the steel section, typically 
expressed by a width to thickness ratio 𝐵/𝑡, affects the local stability of the tube. It has been 
experimentally investigated by Uy (1998)[6], Sakino et al. (2004)[7], Chitawadagi et al 
(2010)[8], Evirgen et al. (2014)[9], Chen et al. (2018)[10]. Higher values of the 𝐵/𝑡 ratio have 
been reported to cause premature local buckling phenomena that lead to loss of concrete 
confinement, limiting the ultimate load capacity. Regarding the length of a column CFST 
member, most of the experimental investigations focus on short specimens. Testing of long 
specimens however, allows potential global buckling phenomena to emerge and affect load 
capacity. Such tests have been conducted by Han and Yao (2003)[11], Mursi and Uy (2004)[12], 
Lue et al. (2007)[13], Yu et al. (2008)[14], Dundu (2016)[15], Khan et al. (2017)[16]. The aspect 
ratio of the steel tube dimensions, influences the confinement conditions in the concrete core and 
therefore has an impact on the final axial load capacity. Relevant investigations, available by 
Gardner and Jacobson (1967)[4], Han (2002)[17], Liu et al (2003)[18], Liu (2005)[19], Du et al. 



(2016)[20], Ibanez et al. (2018)[21] indicate that square sections provide better concrete 
confinement whereas higher aspect ratios lead to deteriorated strength and ductility.  

 

In actual conditions, CFST columns are expected to carry not only axial loads but also bending 
moments. However, the evaluation of the ultimate load carrying capacity under such conditions, 
has attracted less research efforts, compared to purely axial loading. Initial test results are 
available in Knowles & Park (1969)[3], Bridge (1976)[22] and Khalil & Zeghiche(1989)[23]. 
More extensive programmes were presented by Cederwa et al. (1990)[24] and Khalil & Al-
Rawdan (1996)[25] who both evaluated the influence of load eccentricity, along with varying 
values of steel and concrete strength. Also, Matsui & Tsuda (1996)[26] investigated 
experimentally square CFSTs under varying eccentricity ratios and member lengths, covering 
both short and long columns. An extensive parametric testing of eccentrically loaded square 
CFSTs has been presented by Nakahara & Sakino (2000)[27], including specimens with high 
strength concrete and high strength steel. Uy (2000)[28], investigated the local buckling response 
of eccentrically loaded thin walled CFSTs, while Mursi and Uy (2003)[29] extended the scope to 
the interaction of local and global buckling phenomena and Mursi and Uy (2004)[30] to high 
strength steel. Zhang et al. (2004)[31] presented experiments on square CFSTs, parametrically 
investigating, eccentricity ratio, steel to concrete ratio and member length. Liu (2004) [32], 
presented experimental testing on rectangular CFSTs under eccentric loading, using high strength 
steel and varying parameters the cross section aspect ratio, the eccentricity ratio and member 
slenderness. Also Liu (2006) [33], furtherly tested eccentrically loaded rectangular CFSTs, 
including short and long ones, evaluating different cross section aspect ratios and eccentricity 
ratios, as well. Varma et al. (2002)[34], tested square CFSTs under constant axial loading and 
monotonically increasing flexure. The parameters of the study included the steel section width to 
thickness ratio, the steel yield limit and the axial load. In addition, Varma et al. (2004)[35] 
extended the scope of testing to cyclically imposed flexure. Fujimoto et al. (2004)[36], reported 
the results of an extended testing program on eccentrically loaded high strength CFSTs. Under 
examination were the shape of the cross-section, including rectangular ones, the steel section 
slenderness and material strengths. Zhang and Guo (2007)[37], presented an extended study on 
eccentrically loaded rectangular CFSTs, using high strength concrete and varying member 
slenderness, cross section aspect ratio, steel to concrete ratio and eccentricity. On the other hand, 
Qu et al. (2013)[38], investigated the behavior of rectangular CFSTs under combined axial and 
uniaxial or biaxial bending, evaluating against varying concrete and steel strength, eccentricity 
and cross section aspect ratio. Lee et al. (2016)[39] investigated thin walled rectangular CFSTs, 
using high strength steel and varying the steel strength, the cross-section slenderness and the load 
eccentricity. Du et al. (2017) [40] investigated the behavior of rectangular CFSTs under eccentric 
compressive loading, employing varying values of eccentricity ratio, concrete strength, tube 
section aspect ratio and width to thickness ratio. Also, high strength square CFSTs were tested by 
Li et al. (2018)[41], investigating their behavior for different steel to concrete ratios and 
eccentricity ratios.  

Methodologies for the estimation of the capacity of CFSTs under eccentric loading are also 
available in the literature. Mursi and Uy (2003)[29] developed a numerical model, that takes into 
account load eccentricity along with local and global buckling phenomena. The model was 
capable to produce the entire load vs. deflection curve, inducing post-critical region. Similarly, 



 

Zhang et al. (2004)[31] developed a nonlinear program, for the calculation of the load vs. 
deflection curve of CFSTs under eccentric load. Liu (2006) [33] and Zhang and Guo (2007)[37], 
also proposed a numerical models for the load vs. deflection curve of high strength CFSTs, 
assuming global buckling conditions. Patel et al. (2012a[42] and 2012b[43]), developed a 
numerical methodology, employing fiber based elements, for the prediction of entire load vs 
deflection curve of thin walled rectangular CFSTs. The methodology can simulate local and 
global buckling phenomena and accounts for load eccentricity too. Du et al. (2017) [40] proposed 
M-N interaction curves, based on an analytical methodology, for rectangular, high strength 
CFSTs under combined axial force and bending moment. Similarly, Li et al. (2018) calibrated an 
analytical methodology for the estimation of M-N interaction curves for rectangular, high 
strength CFSTs. Recently, Patel (2020)[44] extended fiber based numerical discretization 
methodology for the modeling of rectangular CFST beam-columns with rounded edges.  

The use of soft computing techniques for the prediction of ultimate load of CFSTs is a topic 
with an emerging number of research efforts. Güneyisi et al. (2016)[45], developed a model for 
the estimation of the ultimate load of circular CFSTs, employing a gene expression programming 
technique. The model was calibrated through a database of 314 experimental tests. Du et al. 
(2017) [46] developed an ANN to predict the axial capacity of rectangular CFST, using as input 
parameters sectional depth, width, thickness, and the strengths of steel and concrete materials. A 
database of 305 experimental specimens was utilized for its training and validation. Jayalekshmi 
et al. (2018) [47] employing a trained ANN model they developed, validated an empirical 
formulation for the estimation of the axial strength of circular CFSTs. Tran et al. (2019) [48] 
developed an ANN model for the prediction of the ultimate axial load of square CFSTs, using a 
database of 300 experimental specimens. Utilizing the ANN model as reference, they also 
validated an empirical formula for same problem. Ren et al. (2019) [49], predicted the ultimate 
load of square CFSTs using a hybrid algorithm based on a support vector machine, with 
parameters optimized using a particle swarm optimization technique. The model was calibrated 
using an experimental database, consisting of 180 specimens and accounted as inputs material 
properties (steel and concrete strength and modulus of elasticity) along with tube width, thickness 
and column length. Le and Phan (2020) [50], developed a model for the ultimate load of 
rectangular CFST columns, employing an adaptive neurofuzzy inference system. The model 
included as inputs the steel and concrete strengths and the tube dimensions, namely depth, width, 
thickness, with column length as well. Zarringol et al. (2020) [51] developed an ANN model for 
the ultimate concentric or eccentric load of rectangular and circular CFSTs. For the training of the 
model, four different groups of experimental specimens were employed for each particular case, 
resulting in four different sets of weights and biases. Empirical equations were also given, based 
on the mathematical formulations of the developed ANNs. Javed et al. (2020) [52] employed 
gene expression programming in order to predict the axial capacity of circular CFST long 
columns. An experimental database of 227 specimens was used for the development of the 
model. Recently, Asteris et al. (2021)[54] developed a hybrid ANN model, incorporating a 
Balancing Motion Composite Optimization technique for the estimation of the ultimate load of 
rectangular CFST columns. A database of 422 experimental specimens was used for the 
development and validation of the model. Naser et al. (2021)[53] implemented both genetic 
programming and gene expression programming, in order to predict the axial concentric or 
eccentric ultimate load of rectangular and circular CFST columns. A database of a total 3103 



experimental specimens, splitted to four groups, in order to cover particular cases. Also, Le et al. 
(2021)[55], predicted the ultimate concentric load of square and rectangular CFSTs using an 
ANN, trained and validated through an experimental database of 880 specimens.  

 

2. Research Significance 

This work attempts to develop an ANN model for the prediction of the ultimate capacity of 
rectangular CFSTs under eccentric compressive load. Such a loading is much more interesting 
from a design perspective, since an interaction of axial force and bending moment is commonly 
encountered in the columns of frame structures. Similarly, the adoption of rectangular CFST 
sections is often preferable considering architectural requirements, while it allows for the design 
of CFSTs with different strengths around each axis, so that they are better fitted to the demands of 
the structure.   

 

While there are many research works regarding concentric axial loading, along with explicit 
analytical methodologies for the estimation of the load carrying capacity, the same cannot be told 
in the case of eccentric loading or combined compression and flexure in general. The 
experimental works, while growing in numbers, are considerably less. As a result, a thorough 
understanding regarding the influence of such a loading interaction on the failure mechanisms 
requires additional research. The available design methodologies, currently limit their field of 
application, in regard to material strengths and cross section slenderness. Therefore, some 
potential benefits from the use of CFSTs are hindered. Specifically, the increased stiffness of 
CFSTs compared to bare steel sections, facilitates the use of more slender steel tubes. Also, with 
the use of high strength concrete and steel, the required cross section and the footprint on floor 
space could be reduced. Therefore, a broader field of application is wanted that covers the space 
between available experimental results. The ANN technique adopted herein, possesses the 
capability to optimally interpolate between the poly-parametric space of relevant experimental 
data. Furthermore, the resulting ANN model, typically is quite simple to implement 
programmatically and very efficient computationally. To the contrary, typical design code 
implementations require iterations in order to determine the equilibrium of internal forces in the 
cross-section or to solve implicit equations between the parameters of the problem. Furthermore, 
the accuracy of an ANN can be easily enhanced, once more experimental works become 
available. 
 

3. Design codes for eccentrically loaded CFSTs  

In this section a presentation of existing methodologies in design codes, for the estimation 
of the compressive load of CFSTs, accounting for load eccentricity is made. The analysis 
covers the case of single eccentricity so that conditions of constant bending moment around a 
single axis apply. Also, the application of safety factors is not included in the presentation in 
this section, so that a comparison between different codes becomes more objective. 
Specifically, the proposals from the European code EN1994 [45], the American code 
AISC360-16 [57], the Japanese AIJ [58], and the Australian/New Zealand AS/NZS 
2327:2017 [59] is included. All of these methodologies place limits on their field of 
application, restricting their use outside them. Most commonly the limits are related to steel 
and concrete material strength and the steel section slenderness. Table 1 summarizes these 



 

limits for all examined analytical methodologies.  

Table 1. Field of application of various code standards for the design of CFST columns 

Code 𝑓𝑦  

(MPa) 
𝑓𝑐′, 

(MPa) 
Section slenderness Other 

EN1994 [45] 235 ≤ 𝑓𝑦 ≤ 460 25 ≤ 𝑓𝑐′ ≤ 50 𝐻𝑡 ≤ 52√235𝑓𝑦  

0.2 ≤ 𝛿 ≤ 0.9 {𝛿 = 𝐴𝑠𝑓𝑦𝑁𝑝𝑙𝑁𝑝𝑙  from eq. 1 

AISC 360-16[57] 𝑓𝑦 ≤ 525 21 ≤ 𝑓𝑐′ ≤ 69 

𝐻𝑡 ≤ 5√𝐸𝑠𝑓𝑦  

 

𝐴𝑠 ≥ 0.01𝐴𝑠𝑐 
AIJ [58] 235 ≤ 𝑓𝑦 ≤ 355 18 ≤ 𝑓𝑐′ ≤ 60 

𝐻𝑡 ≤ 1.5 735√min {𝑓𝑦; 0.7𝑓𝑢} 𝐿𝑒𝐵 ≤ 50 

AS/NZS 2327 [59] 𝑓𝑦 ≤ 690 20 ≤ 𝑓𝑐′ ≤ 100 
𝐻𝑡 √ 𝑓𝑦250 ≤ 141 

0.2 ≤ 𝛿 ≤ 0.9 {𝛿 = 𝐴𝑠𝑓𝑦𝑁𝑝𝑙𝑁𝑝𝑙 from eq. 13 

*Asc, As, and Ac are the areas of the total cross section, the steel tube and the concrete core, respectively 

H, B are the height and width of the cross section, respectively, t is the tube wall thickness 

Le is the column effective length 

 

3.1 Eurocode EN1994 

Axial compression 

Eurocode EN1994[45], provides the following formula for the estimation of the squash load of 
a CFST column, under axial compression: 𝑁𝑝𝑙 = 𝑓𝑦𝐴𝑠 + 𝑓𝑐′𝐴𝑐 (1) 

For long columns, the ultimate load is determined by flexural buckling however. This is taken 
into account through a reduction factor 𝜒, and as a result the column ultimate axial load is given 
by: 𝑁𝑢 = 𝜒𝑁𝑝𝑙 , with 𝜒 ≤ 1 (2) 

The estimation of 𝜒 is based on the buckling curves, provided by Eurocode EN1993 [60], 
using a column effective slenderness �̅� = √𝑁𝑝𝑙/𝑁𝑐𝑟, where 𝑁𝑐𝑟 is the critical buckling load. 
The latter is found employing a combined flexural rigidity (𝛦𝛪)eff  equal to: (𝛦𝛪)eff = 𝐸𝑠𝐼𝑠 + 0.6𝐸𝑐𝐼𝑐  (3) 

where, 𝐼𝑠 ,  𝐼𝑐  are the moments of inertia of the steel section and the concrete core, 
respectively and 𝐸𝑠 , 𝐸𝑐  the moduli of elasticity for the same components.  

Flexure 

In the absence of any axial load, the flexural resistance of an CFST is determined by the full 
plastic moment of its composite section 𝑀𝑝𝑙. Figure 1b illustrates the assumption for internal 
stresses proposed by EN1994[45]. The concrete compressive block is assumed having a uniform 𝑓𝑐′ stress, in the case of filled members. 



 

 

Combined axial compression and flexure 

For the resistance of a CFST member under combined axial compression and single axis 
bending, EN1994[45], proposes a modified moment strength due to interaction. The following 
expression is provided: 𝑀𝑁 = 𝑎𝑀𝜇𝑀𝑝𝑙  (4) 

where 𝑎𝑀 is 0.9 of steel grades up to S355 inclusive, and 0.8 for higher grades, 𝑀𝑝𝑙 is 
the plastic bending resistance without axial load and 𝜇  the interaction factor. The 
calculation of 𝜇 is facilitated by an interaction M-N diagram, as shown in Figure 1a, 
assuming plastic conditions throughout the composite section. Except for the interaction 
curve, which is constructed from all possible M,N pairs, a simplified curve is also provided, 
which is constructed from four key M,N pairs. In the case of load eccentricity, the flexure is 
constant along the column length, with a moment 𝑀 = 𝑁 𝑒. Thus, the ultimate axial force, 
on the basis of EN1994, can be determined from equation 4 as: 

𝑁𝑢,𝑒 = 𝑎𝑀𝜇𝑀𝑝𝑙𝑒  (5) 

 
Figure 1. M-N interaction diagram according to EN1994[45] (a) and internal plastic stress 

distribution in the composite section, under combined axial compression and flexure (b) 

 

3.2 AISC 360-16 

Axial compression 

Depending on the slenderness of the column member, American standard AISC360-16 
[57], provides the following two cases for the calculation of the CFST axial compressive 
capacity: 

𝑁𝑢 = {  
  𝑁𝑛𝑜 (0.658(𝑁𝑛𝑜𝑁𝑐𝑟 )) , if  𝑁𝑛𝑜𝑁𝑐𝑟 ≤ 2.250.877𝑁𝑐𝑟 , if  𝑁𝑛𝑜𝑁𝑐𝑟 > 2.25, (6) 

 



 

where 𝑁𝑐𝑟 is the elastic critical buckling load of the column, which is calculated using an   
effective flexural rigidity (𝛦𝛪)eff = 𝐸𝑠𝐼𝑠 + 𝐶3𝐸𝑐𝐼𝑐  and 𝑁𝑛𝑜  provides the strength of the 
composite section, taking into account local buckling phenomena, using the following 
equation: 

𝑁𝑛𝑜 = {  
  𝑁𝑝𝑙 , if  λ<𝜆𝑝𝑁𝑝𝑙 − (𝑁𝑝𝑙 − 𝑁𝑦) (𝜆 − 𝜆𝑝)2(𝜆𝑟 − 𝜆𝑝)2 , if  𝜆𝑝≤λ<𝜆𝑟𝑓𝑐𝑟𝐴𝑠+0.7𝑓𝑐′𝐴𝑐 , if  λ≥𝜆𝑟  (7) 

 

In the last expression, 𝑁𝑝𝑙 and 𝑁𝑦 provide the plastic and yield load, respectively of the 
composite section, 𝑓𝑐𝑟  is the critical stress for the steel section local buckling, whereas 𝜆 
describes the slenderness of the steel section and parameters 𝜆𝑝, 𝜆𝑝 are classification limits. 
All these, along with parameter 𝐶3 and the concrete modulus of elasticity 𝐸𝑐 , required for 
the effective flexural rigidity, can be obtained by following the expressions:  

{  
   
  
   
  𝑁𝑝𝑙 = 𝑓𝑦𝐴𝑠+0.85𝑓𝑐′𝐴𝑐𝑁𝑦 = 𝑓𝑦𝐴𝑠+0.7𝑓𝑐′𝐴𝑐𝑓𝑐𝑟 = 9𝐸𝑠𝐴𝑠/𝜆2𝜆 = (𝐻 − 2𝑡)/𝑡𝜆𝑝 = 2.26√𝐸𝑠/𝑓𝑦𝜆𝑟 = 3.00√𝐸𝑠/𝑓𝑦𝐶3 = 0.45 + 3𝐴𝑐𝐴𝑠𝑐 ≤ 0.9𝐸𝑐 = 0.043𝜌1.5√𝑓𝑐′

 (8) 

 

where 𝜌 is the density of concrete in kg/m3 and the resulting 𝐸𝑐  is given in MPa. 

Flexure 

Depending on the steel section resistance to local buckling, three cases are distinguished 
for the flexural strength of a CFST, according to AISC360-16 [57]: 

 

𝛭𝑢 = {  
  𝑀𝑝 , if compact𝑀𝑝 − (𝑀𝑝 −𝑀𝑦) 𝜆 − 𝜆𝑝𝜆𝑟 − 𝜆𝑝 , if non-compact𝑀𝑐𝑟 , if slender  (9) 

 

where 𝑀𝑝  is the full plastic moment strength of the cross section, assuming a 
compressive stress limit for concrete equal to 0.85𝑓𝑐′, 𝑀𝑦 is the yield moment of the cross-

section, corresponding to yielding of the tension flange and first yield of the compression 
flange with concrete compressive block limited to 0.7𝑓𝑐′ stress, and 𝑀𝑐𝑟 is the first yield 
moment which corresponds to first yielding of the tension flange while the compression 



flange is limited to critical stress 𝑓𝑐𝑟  (see eq. 8) and the concrete block is limited to 0.7𝑓𝑐′ 
stress. Figure 2 illustrates the three different cases.  

 

Combined axial compression and flexure 

When there is interaction of axial compression and flexure, as happens in an eccentrically 
loaded CFST column, AISC360-16 [57] provides two alternative M-N interaction diagrams. 
The first one is described by the following expressions: 

{  
  𝑁𝑁𝑢 + 89 𝑀𝑀𝑢 = 1 , if  𝑁𝑁𝑢 ≥ 0.2
𝑁2𝑁𝑢 + 𝑀𝑀𝑢 = 1 , if  𝑁𝑁𝑢 < 0.2 (10) 

where 𝑁𝑢 and 𝑀𝑢 the respective capacities of the composite section to axial compression 
and flexure, as described previously.  

The second interaction formula, provided by AISC360-16 [57], is described by the 
following expressions: 

{  
  𝑁𝑁𝑢 + 1 − 𝑐𝑝𝑐𝑚 𝑀𝑀𝑢 = 1 , if  𝑁𝑁𝑢 ≥ 𝑐𝑝1 − 𝑐𝑚𝑐𝑝 𝑁𝑁𝑢 + 𝑀𝑀𝑢 = 1 , if  𝑁𝑁𝑢 < 𝑐𝑝 (11) 

where parameters 𝑐𝑝  and 𝑐𝑚  depend on the steel to concrete strength ratio 𝑐𝑠𝑟 =𝐴𝑠𝑓𝑦/𝐴𝑐𝑓𝑐′, and are given by the equations: 

{ 
 𝑐𝑝 = 0.17/𝑐𝑠𝑟0.4𝑐𝑚 = 1.06/𝑐𝑠𝑟0.11 ≥ 1 , if  𝑐𝑠𝑟 ≥ 0.5𝑐𝑚 = 0.90/𝑐𝑠𝑟0.36 ≤ 1.67 , if  𝑐𝑠𝑟 < 0.5 (12) 

 

Figure 2a illustrates the two M-N interaction diagrams, that are produced by equations 10 
and 11.  



 

 

Figure 2. M-N interaction diagrams according to AISC360-16[57] (a) and stress distributions 

for plastic moment (b), yield moment (c) and the first yield moment.  

3.3 AS/NZS 2327: 2017 

Axial compression 

According to the Australian code AS/NZS 2327:2017[59], the squash load of CFST sections 
under axial compression is found by the combined resistances of the steel and concrete parts. 
Ignoring safety factors: 𝑁𝑝𝑙 = 𝑘𝑓𝑓𝑦𝐴𝑠 + 𝑓𝑐′𝐴𝑐 , (13) 

where 𝑘𝑓 = 𝐴𝑒/𝐴𝑠  a form factor depending on effective tube area 𝐴𝑒, which accounts 
for section slenderness. For long columns, flexural buckling is accounted for through a reduction 
factor 𝑎𝑐, so that the final column capacity is found as: 𝑁𝑢 = 𝑎𝑐𝑁𝑝𝑙 , (14) 

with:  

𝑎𝑐 = 𝜉 [1 − √1 − (90𝜉𝜆)2 ] ≤ 1 

(13) 

where factors 𝜆 and 𝜉 depend on column slenderness, imperfections and residual stresses, 
using the following equations: 



𝜆 = 𝜆𝜂 + 𝑎𝑎𝑎𝑏𝜉 = (𝜆/90)2 + 1 + 𝜂2(𝜆/90)2𝜆𝜂 = 90𝜆𝑟𝜆𝑟 = √𝑁𝑝𝑙/𝑁𝑐𝑟𝑎𝑎 = 2100(𝜆𝜂 − 13.5)𝜆𝜂2 − 15.3𝜆𝜂 + 2050𝜂 = 0.00326(𝜆 − 13.5) ≥ 0
 (15) 

For the above equations, the critical buckling load of the column 𝑁𝑐𝑟 is based on an effective 
flexural rigidity equal to: 𝐸𝑠𝐼𝑠 + 𝐸𝑐𝐼𝑐, where 𝐸𝑐  the concrete modulus of elasticity, is reduced if 
necessary, to account for long term effects. Factor 𝜂  describes geometrical imperfections, 
whereas factor 𝑎𝑏 accounts for residual stresses, taking values 0 or -0.5 for tubular slender or 
non-slender (i.e. with 𝑘𝑓 = 1) sections, respectively 

Combined axial compression and flexure 

According to AS/NZS 2327:2017[59], the capacity of a CFST under combined compression 
and bending, is determined assuming rectangular stress blocks (full plastification) for both the 
steel and the concrete parts of the cross-section, similar to EN1994[45] (see Figure 1). Ignoring 
safety factors, the maximum compressive stress for concrete is 𝑓𝑐′ while the maximum stress for 
steel is 𝑓𝑦 . The ultimate flexural capacity is reduced by a 0.9 factor. From the interaction 
diagram that is produced for all possible M, N pairs, and taking into account that for eccentric 
load conditions it is 𝑀 = 𝑁 𝑒, the ultimate compressive load can be determined:  𝑁𝑢 = 0.9𝑀𝑁𝑒  (16) 

where, 𝑀𝑁 is the bending moment capacity of the cross-section accounting for the interaction 
with the axial force.  

 

3.4 AIJ 

Axial compression 

The ultimate axial compressive load of square CFST columns according to Japanese code 
AIJ[58] is found through the following three expressions, accounting for the member 
slenderness: 

 𝑁𝑢𝐴𝐼𝐽 = {𝐴𝑠𝑓𝑦 + 0.85𝐴𝑐𝑓𝑐′   (= 𝑁𝑝𝑙) , if: 𝐿𝑒/𝐵 ≤ 4 𝑁𝑝𝑙 − 0.125(𝑁𝑝𝑙 −𝑁𝑏) ( 𝐿𝑒𝐵 − 4) , if:  4<𝐿𝑒/𝐵 ≤ 12 𝑁𝑏𝑐 +𝑁𝑏𝑠   (= 𝑁𝑏) , if:  𝐿𝑒/𝐵 > 12  (17) 

where, 𝛣 is the section width, 𝐿𝑒 the effective column length and 𝑁𝑏𝑐, 𝑁𝑏𝑠, the buckling 
capacities of the concrete and steel parts of the section, respectively. The first equation 
represents the squash load of the composite section, while the third one covers failure due to 
flexural buckling. Buckling capacity of the concrete core is estimated through the expression: 



 

   𝑁𝑏𝑐 = { 21+√�̅�𝑐4+1 0.85𝐴𝑐𝑓𝑐′ , if: 𝜆̅̅ ̅𝑐 ≤ 1 0.83𝑒[𝐶𝑐(1− 𝜆̅̅ ̅𝑐)]0.85𝐴𝑐𝑓𝑐′ , if: �̅�𝑐 > 1  (18) 

where: 

 { 𝜆̅̅ ̅𝑐 = 𝜆𝑐√𝜀𝑢𝑐/𝜋𝜀𝑢𝑐 = 0.00093(0.85𝑓𝑐′)0.25𝐶𝑐 = 0.568 + 0.00612𝑓𝑐′  (19) 

Similarly, buckling capacity of the steel tube is estimated through the expression: 

 𝑁𝑏𝑠 = { 
 𝐴𝑠𝑓𝑦 , if: 𝜆̅̅ ̅𝑠 < 0.3 [1 − 0.545( 𝜆̅̅ ̅𝑠 − 0.3)] 𝐴𝑠𝑓𝑦 , if: 0.3 ≤ �̅�𝑠 < 1.3 11.3 𝜋2𝐸𝑠𝐼𝑠𝐿𝑒2 , if: �̅�𝑠 ≥ 1.3  (20) 

where: 

  𝜆̅̅ ̅𝑠 = 𝜆𝑠𝜋 √𝑓𝑦𝐸𝑠 (21) 

In the above expressions, 𝜆𝑐 and 𝜆𝑐  are the slenderness ratios of the concrete and steel 
parts of the column.  

 

Combined axial compression and flexure 

For relatively short CFST columns (i.e. no longer than 12 times the width), the ultimate 
eccentric compressive load according to AIJ[58] code is given by the following expression: 

 𝑁𝑢 = �̅�𝐻𝑐20.85𝑓𝑐 + 2(2�̅� − 1)𝐻𝑐𝑡𝑓𝑦  (22) 

where 𝐻𝑐 = 𝐻 − 2𝑡, �̅� = 𝑥/𝐻𝑐 and 𝑥 the depth of the compressive area of the cross 
section. The last equation is defined assuming square cross-section with rectangular stress 
blocks, with ultimate stress 0.85𝑓𝑐 ′ for the concrete and 𝑓𝑦  for the steel, as shown in Figure 
3 

 
Figure 3. Stress distribution for the plastic load under combined compression and flexure 

according to AIJ[44]. 

 

For more slender columns (i.e., at least 12 times longer than their width), AIJ code 
suggests an ultimate load based on the superposition of two M-N interaction diagrams, each 
representing the concrete and the steel part. Taking into account that 𝑀 = 𝑁𝑒, in the case of 
load eccentricity, the following implicit equations apply: 



{  
  𝑀𝑢 = 𝑁𝑢𝑒 = 1𝐶𝑀 [𝑀𝑢𝑐 +𝑀𝑝𝑙𝑠 (1 − 𝑁𝑢𝑁𝑘)] , if  𝑁𝑢 ≤ 𝑁𝑏𝑐
𝑀𝑢 = 𝑁𝑢𝑒 = 1𝐶𝑀𝑀𝑢𝑠 (1 − 𝑁𝑏𝑐𝑁𝑘) , if  𝑁𝑢 > 𝑁𝑏𝑐 (23) 

The buckling capacity of the concrete core 𝑁𝑏𝑐 is given by equation 18, 𝑁𝑘 is the column 
Euler load, using a flexural rigidity equal to 0.2𝐸𝑐′𝐼𝑐 + 𝐸𝑠𝐼𝑠, with 𝐸𝑐′ = 103(3.32√𝑓𝑐′ +6.90), (in MPa), 𝐶𝑀 = 1 when the same bending moment is applied to both ends (this is the 
case when the load eccentricity is constant throughout the column length), while 𝑀𝑝𝑙𝑠  is the 
full plastic moment of the steel section. For the bending moment capacities 𝑀𝑢𝑐, 𝑀𝑢𝑠 of the 
concrete and the steel parts respectively, the following expressions are suggested: 

{  
  𝑀𝑢𝑐 = 4𝑁𝑢0.9𝑁𝑏𝑐 (1 − 𝑁𝑢0.9𝑁𝑏𝑐) 𝐶𝑏𝐶𝑏 + 𝜆𝑐2𝑀0𝑐
𝑀𝑢𝑠 = (1 − 𝑁𝑢 −𝑁𝑏𝑐𝑁𝑏𝑠 )(1 − 𝑁𝑢 − 𝑁𝑏𝑐𝑁𝑐𝑟𝑠 )𝑀𝑝𝑙𝑠

 (24) 

where 𝑀0𝑐 = 0.85𝐻𝑐3𝑓𝑐′/8, 𝑁𝑏𝑐 and 𝑁𝑏𝑠 are the buckling capacities from equations 18 
and 20 respectively,  𝜆̅̅ ̅𝑐 is found from equation 19, 𝑁𝑐𝑟𝑠  is the Euler load of the steel tube, 𝑀𝑝𝑙𝑠  is the full plastic moment of the steel section and 𝐶𝑏 = 0.923 − 0.0045𝑓𝑐′. 

The ultimate compressive eccentric load 𝑁𝑢 can be found from the above set of implicit 
equations, iteratively. 
 

 

4. Methodology  

4.1. Artificial Neural Networks 

This work employs the Artificial Neural Network (ANN) technique as a means of 
calculation of the ultimate eccentric load of rectangular CFSTs. An ANN is a computational 
model inspired by biological neural networks [109], that can adapt its predictions according to 
observed data (a process usually called training) and make generalizations [110]. An ANN 
model can handle efficiently both discrete and continuous phenomena by mapping the 
relationships between input and output variables [111]. Complex nonlinear problems in civil 
engineering literature have been successfully modeled through ANNs, whereas conventional 
computational techniques could be hard to develop, implement or run efficiently. For example, 
the fire capacity of structural members was estimated by Ali et al. [112], the concrete 
compressive strength was predicted by Asteris and Mokos [113] and the buckling capacity of 
steel arch-shells was investigated by Hasanzadehshooiili et al. [114]. Among other AI-based 
techniques, the ANN is the prevailing model in civil engineering applications, thanks to its 
simplicity [115]. In its simple form an ANN model includes three distinct layers of neurons, 
conventionally called input, hidden and output layers. Each layer consists of a number of nodes 
and interconnections between each node and all the nodes in the next layer. No connection is 



 

permitted between the nodes in the same layer however. The number of nodes in the input layer 
is equal to the number of input variables, while the number of nodes in the output layer 
coincides with the required output variables for the given problem. Any connection between 
nodes in the different layers represents a relationship that is described mathematically by 
weight and bias parameters. It is the objective of the ANN training to optimize these weights 
and bias so that the errors between observed and predicted outputs are minimized [116-121]. 
For a problem with one output response, the following nonlinear function is generalized by 
the ANN model [122-124]: 

1: ,N
f X Y ¡ a ¡  (25) 

where X is the input vector and Y is the predicted variable. The function f could be fully 
detailed, as follows [125,126]: 

      ,o W h i W o
X f X f L f b I X b    a  (26) 

where IW, fh and bi are the weight matrix, activation function and bias vector of the 
hidden layer; whereas LW, fo and bo are the weight matrix, activation function and bias vector 
of the output layer, respectively.  

 

4.2 Experimental Database 

For the training and validation of the proposed ANN model as well as the comparative testing 
against alternative methodologies, a database of experimental tests, from the literature, has been 
compiled and is described here. The database contains rectangular and square CFST columns, 
subject to compressive loading, with and without load eccentricity. In total, 76 sources from the 
literature have been utilized in order to populate the database, with 1224 unique experimental 
specimens, outlined as: 

 880 specimens with axial concentric load  

 344 specimens with axial eccentric load. 
Also, regarding the cross-section shape:  

 882 specimens with square tubes 

 342 specimens with rectangular tubes. 
For the 342 strictly rectangular specimens, there is the potential to double their numbers in the 

database by simply alternating between their width, 𝐵 and height, 𝐻 dimensions. While, the 
physical outcome of a tested specimen having a 𝐵 × 𝐻 tube should not differ if the tube is 
described as 𝐻 × 𝐵, the input for these two cases to an ANN is not the same. Thus, ANN 
training is effectively enriched with more input data, resulting in a more experienced model. This 
technique has been employed in our database, resulting in additional 226 rectangular specimens 
(specimens with load eccentricity were omitted from this operation) and a total number equal to 
882+342+226=1450 specimens. 

Table 2 lists the literature sources from which the specimens in our database have been 
collected, along with their recorded range of ultimate compressive loads. A generic experimental 
setup is illustrated in Figure 4. The geometric configuration of each specimen utilizes 4 



parameters:  

 the steel tube section external dimensions, 𝐻 and 𝐵, 
 the tube wall thickness, 𝑡, 
 the column effective length, 𝐿𝑒. 
 the load eccentricity (assumed in the direction of 𝐵), 𝑒, 

When load eccentricity exists, it is imposed that dimension 𝐵 is parallel with eccentricity, as 
shown in Figure 5. For zero eccentricity, the assignment of tube dimensions to the 𝐻 and 𝐵 
variables is indifferent (in fact, both 𝐻 × 𝐵  and 𝐵 × 𝐻  configurations are included, as 
explained before). For short specimens, the effective length 𝐿𝑒 is equal to the actual column 
length 𝐿. For long columns on the other hand, 𝐿𝑒 depends on column end constraints. When it 
is clear from the experimental setup that free rotation is allowed at both ends, it is taken 𝐿𝑒 = 𝐿. 
This is not always the case however. In some long specimens the experimental setup restricts 
rotations. The effective lengths that are reported in original sources, are used for the 𝐿𝑒 values, 
in those cases.  

Regarding the strength of the materials, two more parameters are recorded for each test: 
 yield strength of the steel 𝑓𝑦 , 
 and the cylinder strength of the concrete 𝑓𝑐′. 

For some specimens, the reported concrete strength was related to cube testing. For those 
specimens the cylinder strength in the database is reduced by a 0.85 factor[127-132]. Also, for 
some specimens the strength was measured using 100x200 mm cylinder molds. In these cases, 
the concrete strength was adjusted by a 0.92 factor, in order to become compatible to the strength 
measured by 150x300 mm molds that are employed in most research works.  

The steel modulus of elasticity, 𝐸𝑠 is not recorded, in an effort to keep the total number of 
independent variables low. This is justified by the high standardization of steel, resulting in a 
mostly invariant 𝐸𝑠 value among the included specimens. In fact, for many specimens nominal 𝐸𝑠 values are reported. Also, the concrete modulus of elasticity, 𝐸𝑐  is not recorded because its 
value is connected with the strength of concrete. Both EN1992[61] and AISC360[57] provide 
closed-form analytical formulas for the estimation of 𝐸𝑐  from 𝑓𝑐′. 

Together, these 7 parameters (5 geometric, 2 material) define the input vector of each 
experimental test. Through this selection of parameters, crucial phenomena affecting CFST 
ultimate load, such as concrete confinement, section slenderness and member slenderness that are 
correlated to these parameters, are expected to be represented adequately in the training of the 
ANN model. Also, the issue of scale effect, which is observed as different concrete strength in the 
column compared to the measured cylinder specimens[7] is also compensated for in the model, 
since overall column dimensions are included as model variables. Consequently the developed 
ANN model expectedly should have the potential to cover these phenomena in its predictions.  

In Table 3, a summary about the values input variables take in the database is presented, 
including minimum, maximum, mean average and standard deviation. Looking into the material 
strengths, it appears that both the steel yield limit 𝑓𝑦  and the concrete compressive strength 𝑓𝑐 ’ 
are represented through a quite wide range of input values that includes mild and high strength 
steels (maximum value 835 MPa) as well as normal, high strength and ultra-high strength 
concrete (𝑓𝑐 ’ ranging from 8.50 MPa to 168 MPa). Furthermore, the database includes a wide 
range of column slenderness, covering both short and long ones (𝐿𝑒/min{𝐵;𝐻} ratios from 0.59 



 

up to 49), as well as, steel section slenderness, covering both compact and slender ones 
(max{𝐵;𝐻}/𝑡 ratios from 10.5 up to 286).  

From each experimental test one output variable is recorded. This is the ultimate compressive 
force, 𝑁𝑢, (depicted schematically in Figure 4). This is defined as the peak load throughout the 
loading history. In some experiments with a stable hardening branch, the peak load is realized at 
the end of the testing. A potential for additional loading maybe be present in these cases, however 
this is not recorded because the experiment is stopped typically due to excessive deformation. 
These tests are accepted in the database, with their end load value, considering that the potential 
load gain would be small at high deformations and of limited practical use. The sample of 𝑁𝑢 
values, present in the database (shown in Table 3) is considered quite extended, ranging from 
105KN up to 7780 kN. 

 
Figure 4. Rectangular Concrete-filled Steel Tube Column under compressive load, with 

eccentricity 

 

Figure 5. Definition of eccentricity e. 

 



 

 

Table 2. Data from experiments published in literature 

Nr. Reference 
Number of Samples Axial Load Eccentricity 

Without eccentricity With eccentricity Total (kN) (mm) 

1 Zhang 1984[62] 50 - 50 660.00-2800.00 0.00 

2 Lu et al. 1999[63] 6 - 6 2061.00-4872.00 0.00 

3 Guo 2006[64] 6 5 11 347.00-1785.00 0.00-40.00 

4 Liu & Gho 2005[65] 26 - 26 1566.00-3996.00 0.00 

5 Liu et al. 2003[18] 21 - 21 1425.00-4210.00 0.00 

6 Liu 2005[19] 22 - 22 1657.00-2828.00 0.00 

7 Ye 2001[66] 68 - 68 1068.00-2700.00 0.00 

8 Guo et al. 2006[67] 8 - 8 635.00-1785.00 0.00 

9 Wei & Han 2000[68] 28 21 49 333.20-2082.50 0.00-80.00 

10 Zhang & Zhou 2000[69] 36 - 36 588.00-1323.00 0.00 

11 Tomii & Sakino 1979[70] 8 - 8 497.40-667.00 0.00 

12 Inai & Sakino 1996[71] 46 - 46 1153.00-7780.00 0.00 

13 Nakahara & Sakino 1998[72] 4 - 4 3899.00-6645.00 0.00 

14 Lu & Kennedy 1992[73] 4 - 4 1906.00-4208.00 0.00 

15 Yamamoto 2000[74] 16 - 16 411.00-6494.00 0.00 

16 Lam & Williams 2004[75] 15 - 15 680.00-2000.00 0.00 

17 Han & Yao 2004[76] 11 10 21 1415.00-2594.00 0.00-30.00 

18 Matsui et al. 1995[77] 5 - 5 1143.00-1598.00 0.00 

19 Furlong 1967[2] 5 - 5 488.00-1601.36 0.00 

20 Grauers 1993[78] 14 - 14 1440.00-2680.00 0.00 

21 Schnider 1998[79] 11 - 11 819.00-2069.00 0.00 

22 Chung et al. 2001[79] 5 - 5 1144.00-1598.00 0.00 

23 Han 2002[17] 4 - 4 740.00-880.00 0.00 

24 Ghannam et al. 2004[81] 38 - 38 240.00-1248.00 0.00 

25 Guo et al. 2005[82] 10 - 10 1558.00-2636.00 0.00 



 

26 Luo 1986[83] 28 - 28 600.00-1740.00 0.00 

27 Knowles & Park 1969[3] 6 4 10 156.35-511.55 0.00-25.40 

28 Lin 1988[84] 12 - 12 558.00-1268.00 0.00 

29 Khalil & Mouli 1990[85] 14 1 15 407.20-1370.00 0.00-8.00 

30 Matsui & Tsuda 1996[26] 5 18 23 276.55-1597.50 0.00-125.00 

31 Han & Yao 2003a[11] 19 12 31 500.00-1140.00 0.00-31.00 

32 Han & Yang 2003[86] 4 - 4 490.00-825.00 0.00 

33 Han & Yao  2003b[87] 6 13 19 390.00-816.00 0.00-31.00 

34 Sakino et al.  2004[7] 46 - 46 1153.00-7780.00 0.00 

35 Yu et al. 2008[14] 10 4 14 390.00-1220.00 0.00-30.00 

36 Aslani et al. 2015[88] 12 - 12 1367.00-3882.00 0.00 

37 Du et al. 2016a[89] 6 - 6 3090.00-3575.00 0.00 

38 Du et al. 2016b[20] 8 - 8 1960.00-3150.00 0.00 

39 Dundu  2016[15] 27 - 27 105.40-1516.26 0.00 

40 Khan et al. 2017a[16] 39 - 39 286.00-6329.00 0.00 

41 Khan et al. 2017b[90] 16 - 16 1636.00-7506.00 0.00 

42 Mursi and Uy 2004[30] 4 4 8 1481.00-3950.00 0.00-25.00 

43 Vrcelj and Uy 2002[91] 8 - 8 269.00-684.00 0.00 

44 Xiong et al. 2017[92] 5 3 8 5078.00-7276.00 0.00-50.00 

45 Zhu et al  2017[93] 6 - 6 2730.00-3980.00 0.00 

46 Lue et al. 2007[13] 22 - 22 1281.30-2196.40 0.00 

47 Liew et al. 2016[94] 5 3 8 4997.00-7276.00 0.00-50.00 

48 Chen et al. 2018[10] 9 - 9 987.00-2051.00 0.00 

49 Ibanez et al. 2018[21] 6 - 6 824.50-1882.50 0.00 

50 Zhu and Chan 2018[95] 7 - 7 3452.00-6298.00 0.00 

51 Uy 1998[6] 5 - 5 950.00-2519.00 0.00 

52 Uy 2000[28] 8 12 20 619-4581.00 0.00-100.00 

53 Tao et al. 2009[96] 4 - 4 1993.00-3190.00 0.00 

54 Tao et al. 2008[97] 6 - 6 2140.00-4080.00 0.00 



55 Cederwall et al. 1990[24] 14 12 26 610.00-2680.00 0.00-20.00 

56 Chen and Jin 2010[98] 6 - 6 1980.00-2360.00 0.00 

57 Han et al. 2005[99] 24 - 24 318.00-3400.00 0.00 

58 Nakahara & Sakino 2000[27] - 21 21 259.00-4100.00 45.00-300.00 

59 Uy 1997[100] - 6 6 619.00-1133.00 20.00-84.00 

60 Khalil and Al-Rawdan 1996[25] - 15 15 273.00-882.00 6.00-75.00 

61 Zhang et al. 2004[31] - 26 26 823.00-2636.00 0.90-72.00 

62 Liu 2004[32] - 12 12 660.00-1950.00 20.00-70.00 

63 Guo & Zhang 2007[101] - 2 2 655.00-983.00 30.00-40.00 

64 Bridge 1976[22] - 3 3 513.00-1956.00 38.00-64.00 

65 Khalil & Zeghiche 1989[23] - 4 4 210.00-393.00 16.00-60.00 

66 Mursi & Uy 2003[29] - 4 4 1481.00-3062.00 8.00-23.00 

67 Fujimoto et al.  2004[36] - 21 21 267.00-4045.00 45.00-300.00 

68 Tao et al. 2007[102] - 4 4 1130.00-1760.00 30.00-60.00 

69 Zhang & Guo 2007[37] - 26 26 823.00-2636.00 0.90-72.00 

70 

Hernandez-Figueirido et al. 

2012a[103] - 10 10 
220.33-573.32 20.00-50.00 

71 

Hernandez-Figueirido et al. 

2012b[104] - 12 12 
244.00-935.00 20.00-50.00 

72 Qu et al. 2013[38] - 9 9 750.00-3450.00 10.00-70.00 

73 Lee et al. 2017[39] - 3 3 3873.00-6491.00 20.00-40.00 

74 Du et al. 2017[105] - 12 12 2020.00-2660.00 13.00-41.50 

75 Liu 2006[33] - 20 20 617.00-1491.00 15.00-60.00 

76 Li et al. 2018[41] - 12 12 1244.10-2129.70 20.00-65.00 

  Total 880 344 1224 105.40-7780.00 0.00-300.00 

 

 

 



 

 

 

Table 3. The input and output parameters to be used in the development of ANN model 

Nr.  Variable Symbol Unit Category 
Statistics 

Min Average Max STD 

1 Width of Tubes Section B mm Input 60.00 147.29 324.00 49.23 

2 Height of Tubes Section H mm Input 60.00 145.36 324.00 48.28 

3 Thickness of Tubes t mm Input 0.70 4.35 12.50 1.74 

4 Effective Length of Column Le mm Input 60.00 1109.62 4910.00 948.93 

5 Steel Yield Strength fy MPa Input 192.40 395.43 835.00 147.61 

6 
Concrete Compressive 
Strength 

f'c MPa Input 8.50 51.48 168.36 27.99 

7 Eccentricity e mm Input 0.00 10.71 300.00 30.07 

8 Axial Load N kN Output 105.40 1821.84 7780.00 1394.235 

 

 

 



 

 

 

The correlation between all input and output variables in the database, is further investigated 
through the Pearson correlation coefficient 𝑅, shown in Table 4 and graphically illustrated in 
Figure 6. It can be seen, that the correlation coefficient is quite low for any pair of input 
parameters (< 0.5), except for the high coefficient, that is observed between 𝐵 and 𝐻. In 
general, a coefficient close to unity between input variables that implies a linear relationship 
between them, is problematic for the generality of the database, unless such a relationship is 
dictated by the actual problem. This is indeed the case between the tube dimensions 𝐵 and 𝐻 
which practically grow in parallel, in actual CFST construction. Other than that, the stronger 
correlations exist between the steel and concrete strengths, 𝑓𝑦  and 𝑓𝑐′, with 𝑅 = 0.37, and 
between the steel strength 𝑓𝑦  and the tube thickness 𝑡, with 𝑅 = 0.42. For the remaining pairs 
the coefficient is quite lower. 

On the other hand, the examination of correlation between the input parameters and the output, 
reveals that the lower coefficients involve eccentricity e and column length 𝐿𝑒. The latter is 
decisive for the CFST ultimate load only when failure occurs by flexural buckling, instead of 
material yielding. Therefore, the low correlation between the 𝑁𝑢 and 𝐿𝑒, indicates on one hand, 
that the relation between the two variables is not linear (which is true, since critical buckling load 
is related with the square or member length), and on the other hand, that flexural buckling is not 
the mode of failure for all specimens in database (which is again true, since a great number of 
specimens are short ones). Similarly, the low coefficient between 𝑁𝑢 and 𝑒, is attributed to the 
fact that the majority of the specimens features zero eccentricity. Finally, it is worth to note that 
the stronger correlations between input and output variables involve the steel tube dimensions 𝐵 
and 𝐻, with coefficient 0.56 for both of them.  



 

 

 

Table 4. Correlation matrix of the variables 

 

Variables 
Input Parameters  Output 

B H t Le fy f'c e N 

Input 

B 1.00        

H 0.71 1.00       

t 0.14 0.11 1.00      

Le -0.02 -0.04 0.03 1.00     

fy 0.05 0.04 0.42 0.06 1.00    

f'c -0.05 -0.05 0.22 0.07 0.37 1.00   

e 0.25 0.21 0.08 0.12 0.03 -0.02 1.00  

Output N 0.56 0.56 0.50 -0.18 0.52 0.40 -0.16 1.00 

 

 



 

 

 

Figure 6. Correlogram of the variables (Input and Output parameters). 

In Figures 3-5, scatter plots are presented between the values of input variables in the 
database, and the resulting output, which is the ultimate axial force 𝑁𝑢. Also, a histogram is 
presented, for each parameter (input and output) that groups its occurring values in the database, 
at predetermined sub-ranges. It appears from these graphs that for the steel tube dimensions, 𝐵 
and 𝐻, the majority of specimens utilizes lower values, mainly between 100.1 and 150mm. 
Higher values, are employed by gradually less specimens. In particular, a quite low number of 
available specimens is found in the 250.1-300mm range, which highlights the need for more 
experimental testing in this particular area. A similar tendency is observed for the tube thickness 𝑡, with most of the specimens utilizing values between 3.01 and 6.00mm, while only a few 
feature thicknesses greater than 9mm.  

For the column effective length 𝐿𝑒, a rather strong tendency for short lengths is observed with 
many of the specimens constructed with lengths less than 1m. Nevertheless, a considerable 
number of specimens, employs longer lengths which means that the database covers member 
instability as a possible failure mode. To the contrary, for steel yield stress 𝑓𝑦 , a mostly 
distributed scatter of its values is identified. Most specimens employ mild steels with 𝑓𝑦  between 
201MPa and 400MPa. Nevertheless, a considerable number of specimens features high strength 
steels, with a spike appearing in the range between 701 and 800 MPa. Similarly, a broad scatter is 
observed for concrete strength 𝑓𝑐′ with most of the specimens utilizing strengths in the 21-



 

40MPa and secondly in the 41-60 range. For higher strengths, the number of samples in the 
database decreases gradually. Regarding eccentricity, the histogram shown Figure 9, reveals that 
the vast majority of specimens features eccentricity up to 50mm. This includes specimens with no 
eccentricity at all. Quite a little specimens feature larger load eccentricities, up to 300mm. 
  



  

  

 
 

 

Figure 7. Histograms of the parameters: Length of Tubes Section (B); Height of Tubes 

Section (H); Thickness of Tubes Section (t) 



 

  

  

 

Figure 8. Histograms of the parameters: Effective Length of Steel Tube Column (Le); Steel 

Yield Strength (fy); Concrete Compressive Strength (fc’); 



 

 

Figure 9. Histograms of the parameters: Eccentricity (e); Axial Load (N) 

 

4.3 Sensitivity Analysis of the parameters affecting the compressive load capacity of CSFT based 
on the experimental database 

In order to determine which of the input parameters should be included in our 
computational model, a sensitivity analysis (SA) was carried out. Specifically, for the 
specimens available in our experimental database, it is evaluated to what extend a change of 
any of the input parameters is manifested in the output, which is the ultimate compressive 
load. Excluding any input parameters that seemingly do not affect the output of the examined 
problem, a reduction of the overall input space can be achieved and subsequently the 
complexity of the model can be reduced along with the time required for its training. The SA 
in this work is performed using the cosine amplitude method (CAM), which is also adopted 
by many works in the literature [106-108]. According to the CAM, the similarity between a 
vector 𝑥𝑖  that contains the values of the input variable 𝑖, for all 𝑛  specimens in the 
database, and a vector y that contains the values of the output parameter respectively, is 
evaluated as: 



 

Ri = ∑ xikyknk=1√∑ xik2 ∑ yk2nk=1nk=1  
(27) 

Figure 10 depicts the calculated R values between the ultimate compressive load and 

each of the input parameters. This analysis reveals that, the width 𝐵, the height 𝐻, the 

thickness 𝑡 of the steel tubes and the steel yield limit 𝑓𝑦  are ranked among the most 

influencing parameters on compressive load capacity values, closely followed by concrete 

compressive strength 𝑓𝑐 ’ . The effective column length, 𝐿𝑒  and especially the load 

eccentricity 𝑒  demonstrate considerably lower influences. Nonzero load eccentricity 

however, is present only in a subset of the total sample of specimens and therefore, the 

observed low influence is not considered representative of the actual influence load 

eccentricity may have. Similarly, effective column length, 𝐿𝑒 affects ultimate capacity only 

through member buckling, which is a mode of failure appearing only in long columns. Since 

long columns represent a subset of the entire database, the observed low influence is not 

considered representative of the influence column length, 𝐿𝑒 may have on its ultimate load.  

Concluding from the outcome of sensitivity analysis, it has been decided not to omit any 

of the examined input parameters, in the following steps of ANN model development.  

 
Figure 10. Sensitivity analysis of Axial Load Capacity of Rectangular Concrete-filled Steel 

Tube Columns 

 

 

4.4 Methodology 

The versatility of ANN modeling, provides a great number of parameters and options to 
decide upon when designing an ANN architecture for a particular problem. The selection of 
an optimum ANN architecture that predicts the ultimate eccentric load of CFST columns, in 
this paper, is not left to intuition, but it is based on a predetermined methodology that 
evaluates and ranks alternative architectures, according to performance metrics. Specifically, 
the following parameters were examined, producing numerous alternative ANN models to 



evaluate: 

 Normalization of data 

 Number of neurons in the hidden layer 

 Cost function 

 Transfer function 

Table 5 lists the values these parameters may take in this evaluation. The model uses one 
hidden layer. For the transfer function, besides the three commonly encountered Hyperbolic 
Tangent Sigmoid (HTS), Log-sigmoid (LS) and Linear (Li) functions, the selection includes 
10 alternative functions in total, resulting to 100 (10x10) different variations for each ANN 
architecture. Similarly, 2 different cost functions were used and 4 different normalization 
techniques (including no normalization), for the input and the output parameters. The 
combination of all these alternatives resulted to 240.000 different ANN models. It should be 
noted, that the evaluation of these models was not performed over the entire sample of 
specimens in the database. Instead, the available data were randomly split into 3 datasets: the 
first dataset included 66.7% of the entire sample (967 specimens) and was reserved for the 
training of the alternative architectures, the second dataset included 16.7% of the entire 
sample (242 specimens) and was dedicated to the validation of the alternative architectures 
and the third dataset included the remaining 16.6% of the entire sample (241 specimens), to 
be used for testing and verification against other methodologies. For the splitting of the 
sample to the respective datasets, a programmatic procedure was used, in order to exclude 
potential bias. The intended reasoning behind the overall sample splitting, is to verify the 
generality of the evaluation of the developed model performance, against experimental data 
for which it was not trained.  

Regarding performance metrics, five statistical indices were utilized in order to evaluate 
the alternative ANN architectures. These are the root mean square error (RMSE), the mean 
absolute percentage error (MAPE), the coefficient of determination (R2), the variance 
accounted for (VAF) and the a20-index. For the RMSE and MAPE indices, lower values are 
better (zero means a perfect fit), while for R2, VAF and a20-index, values closer to 1 or 
100%, are wanted. The calculation of these indices is given by the following expressions: 

RMSE = √1𝑛∑(𝑥𝑖 − 𝑦𝑖)2𝑛
𝑖=1  

(28) 

MAPE = 1𝑛∑|𝑥𝑖 − 𝑦𝑖𝑥𝑖 |𝑛
𝑖=1  

(29) 

𝑅2 = 1 − (∑ (𝑥𝑖 − 𝑦𝑖)2𝑛𝑖=1∑ (𝑥𝑖 − �̅�)2𝑛𝑖=1 ) 
(30) 



 

VAF = (1 − 𝑉𝑎𝑟(𝒚 − 𝒙)𝑉𝑎𝑟(𝒚) ) × 100% 
(31) 

a20-index = 𝑛20𝑛  
(32) 

where, 𝒙 and 𝒚 are the two vectors under comparison, in our case, 𝒙 is the hidden 
vector of predicted by the model ultimate loads, for the 𝑛 specimens in the dataset and 𝒚 is 
the respective vector of experimental values. Also �̅� is the mean of the 𝒙 vector, 𝑣𝑎𝑟 
denotes the variance of a sample and 𝑛20 the number of specimens in 𝒙 and 𝒚, with 0.8 ≤ 𝑦𝑖/𝑥𝑖 ≤ 1.2.  

Lastly, the optimum ANN should offer numerical stability, and be free of the commonly 
encountered over-fitting problem. This problem results in a model that is well fitted to its 
calibration data, so that its performance indices are satisfactory, nevertheless, in regions of its 
input variables in between those provided by the calibration data, the error becomes 
excessive. 

 

 

  



 

 

 

Table 5. Training parameters of ANN models 

Parameter Value Matlab function 

Training Algorithm Levenberg-Marquardt Algorithm trainlm 

Normalization 

Process matrices by mapping row min and max values to [0.1, 0.9]  

Process matrices by mapping row min and max values to [-1 1]  

Standardized z-scores 

None 

mapminmax 

mapminmax 

zscore 

 

Number of Hidden Layers 1  

Number of Neurons per Hidden Layer 1 to 30 by step 1  

Control random number generation 10 different random generation 
rand(seed, generator), where generator range from 1 to 

10 by step 1 

Training Goal 0  

Epochs 200  

Cost Function 
Mean Square Error (MSE) 

Sum Square Error (SSE) 

mse 

sse 

Transfer Functions 

 

Hyperbolic Tangent Sigmoid transfer function (HTS) 

Log-sigmoid transfer function (LS) 

Linear transfer function (Li) 

Positive linear transfer function (PLi) 

Symmetric saturating linear transfer function (SSL) 

Soft max transfer function (SM) 

Competitive transfer function (Co) 

Triangular basis transfer function (TB) 

Radial basis transfer function (RB) 

Normalized radial basis transfer function (NRB) 

tansig 

logsig  

purelin 

poslin 

satlins 

softmax 

compet 

tribas 

radbas 

radbasn 

 

 



 

 

5. Results and Discussion 

 

5.1 Optimum ANN model 
Performing the methodology for the selection of an optimum ANN model, for the 

prediction of the eccentric ultimate compressive load of CFSTs, 240.000 different models 
were constructed and evaluated using performance indices, as described in the previous 
section. The top 4 ANN models among them are listed in Table 6 along with their 
configuration parameters and their RMSE and R2 performance indices as well.  The selected 
as optimum model, features a neural network structure with 21 neurons in its hidden layer 
(hence, called hereafter BPNN-7-21-1, with 7 being the number of input variables and 1 the 
number of outputs) and provides the minimum RMSE value (182.46 over the Testing 
Dataset) and a coefficient R2 closer to unity (0.9912 over the Testing Dataset). It also 
achieves the best performance indices over the Training Dataset, as well. Table 7 presents in 
detail all five performance indices of the selected BPNN-7-21-1 model, over three different 
datasets. The a20-index is over 0.90, indicating that less than 10% of the specimens were not 
predicted within a ±20% margin of error. Figure 11 presents graphically, the predicted vs. 
experimental ultimate load for different datasets of the database. A consistent behavior is 
observed, with the predictions closely fitted to the experimental values over the entire range 
of ultimate loads. 

The selected BPNN-7-21-1 model employs the MinMax normalization technique, which 
normalizes the input and output date in the range [0.10, 0.90]. Also, it uses the Log-Sigmoid 
transfer function, while as cost function it uses the Mean-Square-Error (MSE). In Figure 12, 
the architecture of the selected as optimum, BPNN-7-21-1 is graphically presented. 
 

 



 
 

 
 

Figure 11. Experimental vs Predicted axial load for the optimum 7-21-1 BPNN 

 

 



 

 

 

Table 6 Best ANN architectures for each one case based on RMSE performance index for Testing Datasets 

Case Architecture Normalization 
Cost 

Function 

Transfer Function 
Random 

Number 
Epochs 

Performance Indices 

Testing Dataset Training Dataset 

Hidden 

Layer 

Output 

Layer 
R RMSE R RMSE 

I 7-14-1 no MSE PLi PLi 7 50 0.9750 309.3980 0.9825 259.4754 

II 7-26-1 Minmax [-1,1] SSE HTS Li 2 12 0.9895 199.8527 0.9910 186.6267 

1II 7-21-1 Minmax [0.1,0.9] MSE LS LS 9 50 0.9912 182.4600 0.9926 169.4153 

1V 7-16-1 Zscore SSE SM Li 4 45 0.9906 188.3487 0.9913 183.2950 

HTS : Hyperbolic Tangent Sigmoid transfer function; Li : Linear transfer function; LS : Log-Sigmoid transfer function; PLi : Positive Linear transfer function; SM : Soft 

Max transfer function, MSE : Mean Square Error cost function, SSE : Sum Square Error cost function. 

 

 

 

Table 7. Summary of prediction capability of the optimum 7-21-1 BPNN 

Model Datasets 

Performance Indices 

a20-index R RMSE MAPE VAF 

BPNN 7-21-1 

Training 0.9142 0.9926 169.4153 0.0897 98.5199 

Testing 0.9008 0.9912 182.4600 0.1232 98.2434 

All 0.9110 0.9920 175.5439 0.0976 98.4138 
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Figure 12. Architecture of the optimum BPNN-7-21-1 model 



 

 

 

5.2 Proposed explicit equation for the estimation of ultimate load based on optimum ANN model 
In a great number of existing research works investigating the training and development of 

artificial neural networks, the final weights and biases of the ANN model are generally not 
reported. As a result, it becomes difficult, if not impossible, for other researchers or engineers in 
design practice, to implement the proposed model in their computers, reproduce the results or 
further improve upon it. To remove such an obstacle, this work presents the explicit mathematical 
equation and the values of weights and biases, of our proposed model. Therefore, it can be readily 
implemented in a spreadsheet environment, by anyone interested, even without prior expertise in 
the field of Artificial Neural Networks.  

The derived equation for the prediction of the ultimate eccentric load of rectangular CFSTs, 
using the width of tube section (B), the height of tube section (H), the wall thickness of the tube 
(t), the effective column length (Le), the steel yield limit (fy), the concrete cylinder compressive 
strength (fc′) and the eccentricity (e, aligned in parallel with width B), as input parameters, may 
be expressed by the following matrix: 
 Nu = 7674.60( logsig([𝐿𝑊][logsig([𝐼𝑊] × [𝐼𝑃] + [𝑏𝑖])] + [𝑏0]) − 0.1) + 105.40 (33) 

 

where logsig is the Log-Sigmoid transfer function; [IW] is a 21×7 matrix containing the weights 
of the hidden layer; [LW] is a 1×21 vector containing the weights of the output layer; [IP] is a 
7×1 vector with the 7 input variables, [bi] is a 21×1 vector containing the bias of the hidden 
layer; and [b0] is a 1×1 vector containing the bias of the output layer. Equation 33 describes the 
developed ANN model in a purely mathematical form, making it more accessible for 
engineers/researchers to use in practice. 

The [IW] may be expressed as: 

[𝐼𝑊] =

[  
   
   
   
   
   
   

−3.4393 5.1885 −4.8784 8.7376 −0.7982 7.3621 −2.0192−3.7748 7.6463 −5.7352 8.0361 0.5661 7.2837 −1.51922.4914 3.9003 7.9839 −4.0815 0.3454 −14.6014 4.3402−1.8008 −0.5792 6.5743 4.2501 −3.7633 −3.9191 3.62213.5950 0.5371 −3.1882 9.1113 6.0482 3.8640 0.82064.2999 0.6844 −10.1837 −0.5259 9.0485 −2.3218 4.4721−0.2951 1.4285 2.5587 0.4756 0.1041 1.6523 −13.3928−8.1957 −5.8698 5.3119 −0.7888 3.3607 3.9869 −0.23089.4367 9.3822 −14.2808 −0.1092 24.8900 −5.3599 −8.6746−0.1772 −3.9981 −1.6608 9.7103 −8.1121 −2.7290 −2.3057−7.6402 3.4071 −1.4551 −8.9650 1.3267 3.7606 3.53456.2607 4.1752 14.4243 5.4041 4.7285 −18.5492 −1.3568−5.2010 −8.4420 3.1091 5.8518 0.3812 3.3313 2.89426.2041 5.7454 −3.5953 14.4620 −5.8701 −4.1687 −3.46840.4880 −5.2763 −3.8344 14.6019 −12.1480 −2.1766 −3.80624.1697 0.8202 −3.3376 −8.7241 1.1267 −6.3320 −0.19231.2119 6.2027 0.5520 −8.2085 −5.8791 −2.1731 −5.00188.3587 10.5059 −7.9431 0.3889 6.5005 −1.7197 −3.558611.7716 −1.2101 12.6454 6.6711 10.4076 3.0460 0.7916−6.7804 −7.0631 −0.7407 −0.2326 −12.7946 −12.9439 −4.08068.8323 −4.6480 0.1110 −1.1300 −2.1518 −0.0962 −3.5227 ]  
   
   
   
   
   
   

 (34) 

 



while the [LW], [bi] and [b0] may be expressed as: 
 

[𝐿𝑊]𝑇 =

[  
   
   
   
   
   
  −5.19474.6224−3.0524−1.6665−1.8181−1.06848.1719−1.87300.5569−7.2462−0.38290.4773−2.23910.96235.4344−9.2637−2.3014−1.30691.2896−0.58853.9043 ]  

   
   
   
   
   
  

  [𝑏𝑖] =

[  
   
   
   
   
   
  0.1123−0.1248−7.74430.3095−12.1594−0.8948−3.89887.0161−3.39478.11703.9961−0.5236−2.8336−1.006811.3124−1.85927.9005−2.0612−23.528712.00554.9393 ]  

   
   
   
   
   
  

  (35) 

 

 [𝑏0] = [2.9118] (36) 

 

Finally, the [IP] vector that contains the 7 normalized input variables (B, H, t, Le, fy, fc’ and 
e ) is expressed as: 
 

[𝐼𝑃] =

[  
   
   
   
   0.1 +

𝐵 − 60.00264.000.1 + 𝐻 − 60.00264.000.1 + 𝑡 − 0.7011.800.1 + 𝐿𝑒 − 60.004850.000.1 + 𝑓𝑦 − 192.40642.600.1 + 𝑓𝑐′ − 8.50159.860.1 + 𝑒300 ]  
   
   
   
   

 (37) 

 

The included matrices above, together with equation 33, allow the implementation of the 
developed ANN model by researchers or software developers, facilitating its evaluation and 
practical utilization. It is also possible to implement the model in a spreadsheet, with a small 
amount of effort and time. For design purposes however, particularly in the context of code 
standards, a simple equation is always attractive and valuable. Nevertheless, the formulations in 



 

existing codes, for the case of eccentrically loaded CFSTs, cannot be considered so simple and 
practically require a software implementation too, possibly employing iterations for the 
determination of internal force equilibrium. Together, with the significantly improved 
performance of the proposed ANN methodology, as discussed in the following section, the 
overall implementation requirements, using the trained ANN model, are considered rather 
balanced and accessible.   

  

5.3 Comparison of ANN model with codes 

In this section the performance of the developed and described previously ANN model is 
evaluated in comparison with existing code provisions. In Table 8, the performance metrics are 
reported for the BPNN 7-21-1 model as well as for the procedures from European (EN1994[45]), 
American (AISC 360[57]), Japanese (AIJ[58]) and Australian/New Zealand (AS-NSZ-2327[59]) 
codes, omitting any safety or capacity factors, in order to obtain a more objective comparison. It 
should be also noted that the Japanese code procedure, that provides equation 22 for square 
sections only, has been adapted to cover rectangular sections too, employing rectangular stress 
blocks for the internal equilibrium, and using the same assumptions for the stress limits. The 
calculations in Table 8 have been conducted for the Testing Dataset and the presented models are 
sorted according to their RMSE performance. 

The results in Table 8 indicate a significant overall improvement for the BPNN 7-21-1, in 
every performance metric. In terms of RMSE, a 43% reduction is observed from the second best, 
which proves the AS/NZS-2327[59] code, followed by Eurocode EN1994[45]. In terms of a20-

index the improvement is also remarkable, managing to predict almost 90% of the experimental 
loads within a 20% error margin, compared to 77% of the specimens for the AS/NZS-2327[59] 
code and 75% for the Eurocode. Similar improvements can be observed for the other 
performance indices as well. 

Among the codes, the Australian/New Zealand (AS/NZS 2327[59]) and the European 
(EN1994[45]) ones achieve the best overall results, with the former maintaining a slight 
improvement in every index. The Japanese AIJ[58]code and the American AISC 360[57] 
(method 2) appear quite close in terms of RMSE with a 27~28% increase compared to the 
Australian/New Zealand code. In terms of a20-index however the Japanese code performs 
slightly better whereas the American code manages the second best R index among all codes. 
Method 1 of the American AISC 360[57] code provide worse indices compared to Method 2, 
with a 4% increase in RMSE and 4% lower a20-index.  

Table 9, reports the results only for those specimens in the Testing Dataset that satisfy the field 
of application of the respective code (i.e. different sample for each code). For the developed 
BPNN 7-21-1 model the results correspond to the entire Testing Dataset. The results are again 
sorted according to the RMSE index. In general, a reduction of the RMSE performance index is 
observed for all codes. However, the proposed BPNN 7-21-1 model, performs considerably 
better, while still covering a broader range of input variables. In terms of RMSE, the 
improvement over EN1994[45], which now proves better performing, is 32%. Australian/New 
Zealand AS/NZS 2327 code[59] achieves a slightly increased RMSE compared to EN1994[45], 
however its field of application is quite broader. Other performance metrics, such as a20-index 
and R, are deteriorated for the codes, when their limits are considered. 
 



Table 8. Ranking of developed soft computing BPNN 7-21-1 model against design codes, 

based on RMSE values for specimens in Testing Datasets 

Ranking Nr. Model 

Performance Indices 

a20-index R RMSE MAPE VAF 

1 BPNN 7-21-1 0.9008 0.9912 182.4600 0.1232 98.2434 

2 AS/NZS 2327 0.7686 0.9744 319.0739 0.1355 94.6993 

3 EN1994 0.7469 0.9707 347.7774 0.1443 93.7929 

4 AIJ 0.6488 0.9639 403.7389 0.1881 92.8971 

5 AISC 360 (Method 2) 0.6281 0.9718 407.7064 0.2241 94.4157 

6 AISC 360 (Method 1) 0.6017 0.9698 425.4412 0.2470 94.0270 

 

Table 9. Ranking of developed soft computing BPNN 7-21-1 model against design codes, 

based on RMSE values for specimens in Testing Datasets, within code field of application. 

Ranking Nr. Model 

Performance Indices 

a20-index R RMSE MAPE VAF 

1 BPNN 7-21-1 0.9008 0.9912 182.4600 0.1232 98.2434 

2 EN1994 0.6500 0.9503 267.7737 0.1660 89.3850 

3 AS/NZS 2327 0.7461 0.9674 274.5138 0.1391 93.5798 

4 AIJ 0.5455 0.9512 302.5283 0.2102 88.3900 

5 AISC 360 (Method 2) 0.5411 0.9359 388.9959 0.2572 87.0511 

6 AISC 360 (Method 1) 0.5137 0.9296 407.0307 0.2843 85.9638 

 

 

Figure 13, presents the scatter plots for the experimental vs. predicted ultimate compressive 
load, for Testing Dataset, for the developed BPNN 7-21-1 model and also the methodologies 
available in design codes [45-59]. Regarding design codes, the plots include all specimens in 
the Validation Dataset, even if some of them do not fulfil the respective code field of 
application. In that case the points are drawn in gray color, whereas if they do satisfy the 
appropriate application limits, they are drawn in blue color. The performance of the BPNN 7-

21-1 proves consistent throughout the whole range of examined load values, producing a 
balanced prediction average. Compared to the codes, the BPNN 7-21-1 model plot 
demonstrates a tighter fit, with the majority of the specimens, predicted within a 20% error 
margin. Comparing among the codes, a balanced prediction average is obtained using the 
Eurocode (EN1994[45]), the Australian/New Zealand (AS/NZS 2327[59]) and the Japanese 
(AIJ[58]) codes, whereas for the American code (AISC 360[57]) a systematic 
underestimation of the code [ predicted ultimate load is observed, using either Method 1 or 2. 
The deviation of the points from their average seems comparable for all design codes. Also, 
for all the design codes, the achieved prediction error margin seems consistent throughout the 
entire range of examined loads, which indicates that their field of application could be 
extended, without affecting the prediction accuracy.  

 



 

 

  



 

  

  

  
Figure 13. Comparison of developed soft computing model BPNN 7-21-1 (top left) against 

available procedures in design codes 

In order to evaluate the behavior of the developed ANN model against parametrically with load 
eccentricity, a selection of specimens from the database was sought after, so that all other 
parameters remain constant, while the eccentricity varies. Such a requirement implies also that 
the selected specimens should be parts of a single testing programme, executed using the same 
experimental layout, batches of materials and lab equipment so that they do not differ in these 
aspects that remain hard to quantify their influence. In this context, a selection of 8 specimens 
from the work of Li et al. (2018)[41] and 20 specimens from the work of Liu (2006)[33] has been 
made. Table 10 presents the input parameters of the selected specimens. The 8 specimens from Li 



 

et al. (2018)[41] employ 4 different eccentricity values (2 specimens for each eccentricity) while 
the specimens from Liu (2016)[33] are grouped in quadruples, each employing different cross-

section dimensions, column length and a varying range of eccentricity values. It should be noted 
that the selected specimens do not belong to the same dataset, but some of them belong to the  
Training dataset, others in the Testing and others in the Validation datasets.  

 

 

Table 10. Properties of selected specimens from the database for evaluation against varying 

eccentricity values.  

Reference Specimens 

Input Parameters 

B H t Le fy fc' e 

(mm) (mm) (mm) (mm) (MPa) (MPa) (mm) 

Li et al. (2018) EC1-EC2-EC3-EC4  150 150 4 450 434.56 93.925 20-35-50-65 

Liu (2006) 

S1-S2-S3-S4 120 120 4 360 495 30 15-25-30-45 

S5-S6-S7-S8 150 100 4 450 495 30 15-35-40-60 

S9-S10-S11-S12 180 90 4 540 495 30 20-30-40-50 

S13-S14-S15-S16 130 130 4 390 495 30 15-25-40-55 

L1-L2-L3-L4 150 100 4 2600 495 30 15-35-40-60 

 

Figure 14a depicts the ultimate load vs. eccentricity graph for the selected specimens from Li et 
al. (2018)[41], whereas in Figure 14b-f the same graphs are depicted for the specimens from Liu 
(2006)[33]. Each graph also includes the ultimate load vs. eccentricity curves produced for the 
same input parameters by the developed BPNN 7-21-1 model and by the examined design 
codes, as well. Overall, the BPNN 7-21-1 model demonstrates a satisfactory behavior. In all 
cases, the produced curve is smooth and well fitted between the experimental points. The 
smoothness of the curve, indicates than no over-fitting occurs, a problem that can often be 
hiding in computational models. In the graph Figure 14a, which is related to the Li et al 
(2018)[41] specimens, the BPNN 7-21-1 model, appears very consistent to predict the 
experimental load throughout the entire range of eccentricities. For the graphs in Figure 14b-f, 
on the other hand, that are related to the Liu (2006)[33] specimens, the model underestimates 
the ultimate load for smaller eccentricities, while it overestimates it for larger ones. In 
comparison to the curves from design codes, the BPNN 7-21-1 model curve proves more 
successful, in all cases except, for the graph in Figure 14f where the AS/NZS 2327 [59] and 
EN1994[45] models seem better fitted to the experimental values. Generally, the design codes 
underestimate the ultimate load whereas the BPNN 7-21-1 achieves a rather balanced 
averaging through the experimental points. Among the codes, the Japanese AIJ[58] and the 
Australian/New Zealand AS/NZS 2327[59] curves are fitted closer to the experimental codes in 
most cases. Considering Figure 14f, where the BPNN 7-21-1 appears less successful, it should 
be noted that the specific specimens are long ones. While the database contains long specimens, 
the vast majority of them are short ones (see Figure 9). Therefore, this specific outcome, can be 
attributed to insufficient data for training of the model in long columns. In this context, it is 
considered more beneficial to enrich the database with longer CFSTs than short ones, 
highlighting a field where future testing programmes should cover in more detail. 
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Figure 14. Comparison of the developed 7-21-1 BPNN model and code procedures against 

experimental specimens from the literature, for the prediction of ultimate compressive load 

for varying load eccentricity. 



 

 

6. Conclusions 

The development of a soft computing model, utilizing the artificial neural network technique, for 
the estimation of the ultimate eccentric load of rectangular CFST columns, was presented in this 
paper. To this end, an extended database of experimental tests on rectangular or square CFSTs 
was compiled and used for the training and validation of the model. The proposed optimum ANN 
architecture, was selected from numerous alternatives, with varying number of neurons, cost 
functions, transfer functions and normalization, on the basis of performance metrics, such as 
mean square error or the a20-index. The developed model takes 7 inputs, namely the tube section 
height, width and thickness, the column height, the steel yield limit, the concrete strength, and the 
eccentricity. It produces a single output, that is the ultimate compressive load. The model 
performance was compared to that of existing design code methodologies. The findings of the 
paper can be concluded to the following: 

 The developed model predicts the ultimate compressive load with improved accuracy 
compared to existing design codes, achieving 50% reduced mean square error and 
significantly increased a20-index. Simultaneously, the field of application is quite 
extended, since the experimental sample used for its training include high strength steels, 
high strength concrete, slender cross sections and long columns. 

 The developed ANN model features only 1 hidden layer with 21 neurons, yet it manages 
to the model the behavior of CFSTs in a wide field of application, that covers standard 
and high strength materials, compact and slender tube sections and short or long columns, 
highlighting the versatility and effectiveness of the approach. 

 By examination of the developed model against selected individual experimental 
specimens, its numerical stability was verified and found free of any overfitting problems, 
The model produced better fitting to the experimental data, particularly for short columns.  

 Performing a sensitivity analysis, over the collected experimental tests, it was found that 
the most influencing parameters for the ultimate compressive load are the steel tube 
dimensions, its thickness and the material strengths as well. All those parameters, 
produced rather close values of correlation with the resulting ultimate load.  

 

The proposed ANN model produces a single output, which is the ultimate compressive load, 
accounting for load eccentricity. In this context, valuable output could also be the axial load vs 
moment interaction diagram. Furthermore, for the needs of nonlinear analysis, a more detailed 
output is required, which can include the entire load vs deformation curve. These aspects of the 
CFST response, together with further enrichment of the experimental database are reserved for 
future research. 
 

While the entire process of ANN model development and verification is indeed complicated and 
requires a level of expertise on numerical computing, its application and use for the design of 
actual structures is not. The model can be easily implemented in a spreadsheet or any other 
programming environment, using the provided weights and biases. Compared to the procedures 
provided by design codes, that often require an iterative process in order to determine the 



 

equilibrium of internal forces inside the cross section, under conditions of combined axial force 
and bending moment, the programming of the ANN model instead, could be more 
straightforward while the computing time it requires is constant and potentially less.  
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