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Abstract 9 

The use of circular hollow sections (CHS) has increased in recent years owing to its excellent 10 

mechanical behaviour including axial compression and torsional resistance as well as its aesthetic 11 

appearance. They are popular in a wide range of structural members including beams, columns, 12 

trusses and arches. The behaviour of hot-finished CHS beam-columns made from normal and 13 

high strength steel is the main focus of this paper. A particular attention is given to predict the 14 

ultimate buckling resistance of CHS beam-columns using the recent advancement of the artificial 15 

neural network (ANN). FE models were established and validated to generate an extensive 16 

parametric study. The ANN model is trained and validated using a total of 3439 data points 17 

collected from the generated FE models and experimental tests available in the literature. A 18 

comprehensive comparative analysis with the design rules in Eurocode 3 is conducted to evaluate 19 

the performance of the developed ANN model. It is shown that the proposed ANN based design 20 

formula provides a reliable means for predicting the buckling resistance of the CHS beam-21 

columns. This formula can be easily implemented in any programming software, providing an 22 

excellent basis for engineers and designers to predict the buckling resistance resistance of the CHS 23 

beam-columns with a straightforward procedure in an efficient and sustainable manner with least 24 

computational time 25 
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1 Introduction  28 

Circular hollow sections (CHS) are being increasingly used in a wide range of structural members 29 

including beams, columns, trusses, arches and wind turbine towers. They are popular owing to its 30 

outstanding performance in compression, excellent torsional resistance and aesthetic 31 

appearance. CHS members with high strength steel have gain more recognition and attention by 32 

structural designers and practicing engineers owing to the exceptional benefits from high strength 33 

steels and hollow sections. The typically definition for high strength steels are those with steel 34 

grades of S460 or above [1]. High strength CHS members offer high strength-to-weight ratio, 35 

lighter cross-sectional area, long-span structures and reduced carbon footprint. They are used for 36 

heavily loaded members, particularly where the steel members would otherwise be very thick. 37 

Although high strength steels are more expensive than the normal strength steels, they are often 38 

seen as more efficient and economic material given the reductions in the material usage and other 39 

cost savings associated with fabrication, handling and transportation [2], [3].  40 

The design rules for CHS beam-columns are specified in the latest version of EC3 – prEN 1993-1-41 

1:2020 [4]. Both high strength and normal strength CHS are readily available as cold-formed and 42 

hot- finished products as given in EN 10210-2:2019 [5] and EN 10219-2:2019 [6], respectively, as 43 

well as fabricated CHS products (typically produced by forming and welding a steel sheet into a 44 

circular shape). There is a general scarcity of experimental research on the structural behaviour 45 

and design of CHS beam-columns including hot-finished [7-10], cold finished [8, 11-13] and 46 

fabricated CHS [14-15]. The cold-formed CHS exhibit a continuous rounded stress–strain 47 

response caused by cold-working throughout the forming process, whereas the hot-finished CHS 48 

have a linear elastic response followed by well-defined yield plateau and moderate degree of strain 49 

hardening [16-21]. More recently, Meng and Gardner [22] conducted a series of experimental and 50 

numerical tests on hot-finished and cold-formed CHS beam-columns made from both normal and 51 

high strength steels. Further experimental and numerical research work on CHS beam-columns 52 

is still considered necessary for providing accurate assessment and improvement of current 53 

design standards. In this paper, a particular attention is given to the hot-finished CHS beam-54 

columns made of normal and high strength steels. 55 

The rapid development of advanced computerised systems has been shown to be an efficient and 56 

reliable means for predicting the structural behaviour of steel members. In this context, Artificial 57 

Neural Network (ANN) presents one of the most well-known techniques of artificial intelligence 58 

which is used to solve complex nonlinear problems providing an accurate prediction of the 59 

structural performance of members [23- 24]. ANN typically consists of the input layer and output 60 
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layer which are interconnected using intermediate hidden layer. The hidden layer is comprised of 61 

several weighted connections between the input and output parameters known as neurons. The 62 

quality of the predicted output results principally depends on the number of neuron and the 63 

quality and quantity of the input data used to train the ANN.  64 

The use of ANN has been becoming increasingly popular in predicting various structural 65 

behaviour in constructional steel elements including composite columns [25-27], beams [28-31], 66 

steel connections [32-34], frames [35], steel plates [36-38], cellular and castellated steel beam 67 

[39-44], cold-formed CHS beam-columns [45] and stainless steel reinforcement [46]. However, 68 

there is currently no available ANN research (at least in the available domain) on hot-finished 69 

CHS beam-columns. Therefore, this paper aims to study the buckling resistance of hot-finished 70 

CHS beam-columns made from both normal high strength steels by utilising the power of ANN. 71 

Detailed description on the development and validation of the ANN model is discussed. The ANN 72 

model is developed using a total of 3439 data points, obtained from a previously developed and 73 

validated numerical model performed by Meng and Gardner [22], and a limited number of 74 

experimental data available in [7-10]. Consequently, an ANN-based formula is proposed for 75 

predicting the buckling resistance capacity of hot-finished CHS beam-columns. In addition, an 76 

assessment of the current design rules given in the latest version of Eurocode 3 prEN 1993-1-77 

1:2020 [4] for CHS beam-column is presented through a comparative analysis with ANN 78 

predictions and results from numerical and experimental data.  79 

2 Eurocode 3 design rules 80 

This section examines the stability design provisions provided in prEN 1993-1-1:2020 [4] for CHS 81 

beam-columns structural steel, with a particular focus given to the cross-section classifications 82 

and the beam-column interaction relationship. Cross-sections are categorised into four main 83 

groups based on the deformation capacity and the sensitivity to local buckling under a specified 84 

loading condition. For class 1 and 2, members can reach the full plastic cross-sectional resistance. 85 

However, class 1 cross-sections demonstrate a sufficient rotational capacity allowing for plastic 86 

design. For class 3, members are capable of only reaching the elastic cross-sectional resistance 87 

and do not achieve the plastic cross-sectional resistance owing to inelastic local buckling failure. 88 

Class 4 cross-sections are characterized by local buckling failure prior to reaching their elastic 89 

cross-sectional resistance. For each class, a specified slenderness limit is given in Eurocode 3 [4] 90 

in terms of D/tε2, where D is the outer diameter, t is the thickness and ε is a parameter equals to 91 

(235/fy)0.5, in which fy denotes for the yield stress. These limits for CHS are set to be 50 and 70 for 92 

class 1 and 2, respectively. For class 3, A higher transition limit between 90 and 140 is adopted for 93 
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the case of combined compression plus bending, in which the limit of 90 is taken for cross-sections 94 

with compression loading while 140 is taken for pure bending loading scenario. The transition 95 

limit is equal to 2520/(5ψ+23), where ψ is the ratio between the maximum and minimum cross-96 

sectional stresses. 97 

 The beam-column interaction relationship specified in Eurocode 3 [4] can be simplified to Eq. 1, 98 

owing the axisymmetric geometry of CHS. 99 

NED

χNc,R/γM1
+ k

MED

Mc,R/γM1
≤ 1.0 

(1) 

In this expression, NEd and MEd represent the applied axial force and bending moment, 100 

respectively. k is the interaction factor, χ is the column buckling reduction factor and γM1 is the 101 

partial safety factor taken as 1.0 for carbon steel members. 102 

The cross-sectional resistances to compression (Nc,R) and bending (Mc,R) are determined as 103 

follows:   104 

Nc,R = Afy for class 1-3 cross-sections  (2) 

Mc,R = Wplfy for class 1-2 cross-sections (3) 

Mc,R = Welfy for class 3 cross-sections (4) 

where Wel and Wpl are the elastic and plastic section modulus. The column buckling reduction 105 

factor (χ) is calculated as shown in Eq. 5. 106 

χ =
1

ϕ + √ϕ2 + λ 2
≤ 1 

 (5) 

λ =
Nc,R

Ncr
 

for class 1-3 cross-sections (6) 

ϕ = 0.5(1 + α(λ − 0.2) + λ2)  (7) 

In which, Ncr is the Euler buckling load and λ is the relative slenderness. The codified values of 107 

the imperfection factor (α) are given in Table 1.  108 

The interaction factor (k) is calculated using Eq. 8 for class 1-3 cross-sections, where Cm is a 109 

parameter accounting for the shape of the first-order bending moment diagram and is taken as 110 

unity (for constant bending moment). For class 4 cross-sections, the interaction factor is obtained 111 

on the basis of the effective cross-sectional area using different formula, which is out of the scope 112 

of this study.   113 
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k = Cm (1 + (λ − 0.2)
NED

χNc,R/γM1
)

for λ ≤ 1 

(8) 

k = Cm (1 + 0.8
NED

χNc,R/γM1
)

for λ > 1 

Table 1: Values for EC3 imperfection factor (α) for hollow sections. 114 

Production method α for steel strength (S235-S420) α for steel strength (S460-S700) 

Hot-finished 0.21 0.13 

Cold-formed 0.49 0.49 

3. Finite element modelling and validation115 

Finite element (FE) models were established using the general purpose FE software Abaqus [47] 116 

in order to examine the structural behaviour CHS beam-columns. The main aim is to conduct 117 

extensive parametric study using a validated FE model that can be used to train and validate the 118 

ANN model. A Similar approach to that in [22] and [48] was employed in to examine the buckling 119 

resistance capacity of hot-finished CHS beam-columns. The model was shown to accurately 120 

predict the behaviour in terms of load-deflection curve, ultimate bearing capacity and global and 121 

local buckling failure mode [22, 48].  122 

3.1. Development of the FE model 123 

The FE model was developed using Geometrically and materially nonlinear analyses with 124 

imperfections using the static Riks solver available in Abaqus software [47]. A typical FE model 125 

for CHS beam-column is presented in Fig. 1. A four-noded shell element with reduced integration 126 

(i.e. S4R) was employed, owing to its suitability for modelling thin walled structural elements [13, 127 

49]. A fine mesh with an element size of 0.1√Dt was selected and found to accurately capture the 128 

general buckling behaviour. A reference point was created at the end sections in which all degrees 129 

of freedom were coupled. A pinned end boundary condition was applied to the reference point to 130 

simulate the knife edge steel plate used in the laboratory. Elastic buckling modes were introduced 131 

in the FE model to represent the local and global geometric imperfections. In addition, Residual 132 

stresses that is principally induced from uneven cooling were not explicitly considered in the 133 

modelling hot-finished CHS as it was shown to be relatively negligible for tubular sections with 134 

reference to the yield stress [50]. The material properties of the tested profiles were tested by 135 

means of tensile coupon test and reported by Meng and Gardner [48]. To reduce the 136 

computational time and cost, only a quarter-models of the CHS is designed assuming symmetrical 137 
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boundary conditions along the length and the mid cross-sectional plane. Further detailed 138 

descriptions on the development of the FE model are given in more details in [48].  139 

 140 

Fig. 1: Typical FE model for CHS beam-column [22]. 141 

3.2. Validation of the FE model 142 

Fig. 2 illustrates comparison between the numerical and experimental load-mid height lateral 143 

deflection curves for one of the specimens. It is observed that the FE model demonstrates 144 

excellent depiction of the experimental response in terms of the initial stiffness, ultimate buckling 145 

resistance and failure mode. A comparison of the failure modes obtained experimentally and 146 

numerically are shown in Fig. 3.  In order to provide a robust validation of the FE model, a 147 

comparison between the ultimate loads obtained numerically (Nu,FE) and experimentally (Nu,test) 148 

was conducted using four different global geometric imperfection amplitudes (ωg) were employed, 149 

as presented in Table 2. The statistical results demonstrates that the buckling resistance of the 150 

CHS beam-columns is slightly influenced by the global geometric imperfection amplitudes (ωg) 151 

and therefore a geometric imperfection value of the critical length (Lcr)/1000 was selected to 152 

conduct the parametric study giving an accurate prediction with less computational time [22].  153 

Accordingly, it was concluded that the developed FE model is capable of providing excellent and 154 

accurate resistance predictions of the hot-formed CHS beam-columns.    155 

Table 2. Comparisons of buckling resistances obtained numerically and experimentally [22]. 156 

 Nu,FE/Nu,test 
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Measured ωg ωg = Lcr/2000 ωg = Lcr/1000 ωg = Lcr/500 

Mean 0.982 0.980 0.970 0.956 

Coefficient of 

variation 
0.027 0.026 0.030 0.034 

157 

158 
Fig. 2: Typical numerical and experimental load-deflection curves for hot-finished CHS beam-159 

columns [22]. 160 

161 
Fig. 3: Typical failure modes obtained experimentally and numerically [22]. 162 
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164 

3.3. Parametric study 165 

A total of 3428 numerical models were conducted to expand the data pool and provide more 166 

predictions of the buckling resistance of CHS beam-columns. The parametric study covered a 167 

wide range of normal and high strength steels ranging from grade S355 to grade S900, as 168 

presented in Table 3 and given in  EC3 [4]. Given that EC3 does not cover high strength steel grade 169 

S900, the yield and ultimate stress were assumed to be 900MPa and 945 MPa, respectively. The 170 

nominal value of elastic modulus E was assumed to be 210 000 MPa. Besides, the outer diameter 171 

of the CHS was fixed to 100 mm, but their thickness varied between 1.18 and 15 mm to 172 

accommodate a wide range of D/t2 values up to the EC3 Class 3 limit, as described in section 2. 173 

The members’ length was varied between 300 and 5300 mm, allowing for a wide variety of relative 174 

slenderness values  (i.e. within 0.2-2). The initial eccentricities, which were equal at both end 175 

sides of the specimens, ranged between 2.4–360 mm to generate various loading combinations.   176 

Table 3: Nominal mechanical properties for hot-finished and cold-formed hollow sections for  177 

     Steel grade S355-900 [22]. 178 

Grade E (MPa) fy (MPa) fu (MPa) 

S355 210 000 355 490 

S460 210 000 460 540 

S550 210 000 550 600 

S690 210 000 690 770 

S900 210 000 900 945 

4. Development of the artificial neural network (ANN)179 

4.1. General 180 

A total of 3428 data points obtained from the generated parametric study and 13 test results 181 

compiled from different resources in the literature [7-10] are used to train and validate the ANN 182 

model. The data is shown to cover a wide range of key influential parameters including various 183 

geometries, material properties with different eccentricities. The current paper aims to propose a 184 

new design formula allowing for prediction of the buckling resistance for hot-finished CHS beam-185 

columns made from normal and high strength steel using the recent advancement of ANN. 186 

Detailed descriptions of the development of the ANN model is given in the following sections. 187 
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4.2. Neural network architecture  188 

ANN model consists of input layer, hidden layers, and output layer. The hidden layer, consists of 189 

a set of neurons, receives weighted inputs as well as a constant bias value from each of the input 190 

nodes. The hidden layer thereafter is connected to the output layer. Each connection between the 191 

neuron in the hidden layer and output node is weighted with a value and a bias and the activation 192 

function is used to calculate the output predictions. The ANN predictions are then compared 193 

against the corresponding target values. The error between the predicted and target outputs is 194 

calculated to assess the performance of the ANN. The errors should be minimized by adjusting 195 

the weights and bias values of the ANN. This can be achieved by transferring the information 196 

(errors) from output layer toward input layer of the ANN [51]. This process is called Back-197 

Propagation of Multilayer Feed Forward ANN. The network architecture used in this paper is a 198 

Multi-Layer Perceptron Network (MLPN) as it has been shown to be an efficient tool to model 199 

various structural members [i.e. 41, 52]. The neural network toolbox with MATLAB [53] solves a 200 

data fitting problem with a two-layer feed forward neural network and is used in this paper. 201 

A number of key influential parameters should be identified in the ANN model including inputs, 202 

number of hidden layers, number of neurons in each hidden layer, the parameters in the output 203 

layer, and the activation function. The optimal number of the neurons in the hidden layer was 204 

defined by modelling several networks with different number of the neurons and compared 205 

together. In this paper, the ANN network was modeled with 3, 5, 7, and 9 neurons in the hidden 206 

layer, as shown in Table 5. Based on the results presented in the table, the model with 7 neurons 207 

offers a high level of accuracy and rational computational cost for the ANN model. The input 208 

parameters considered in this paper are diameter-to-thickness ratio (D/t), wall thickness (t), 209 

effective length of the columns (Lcr), eccentricity (e) and the yield strength of the steel (fy). The 210 

output parameter of the ANN model is the buckling resistance of the CHS beam-column (Nu). 211 

Fig. 4 illustrates an example of ANN structure consisting of 5 input parameters, 3 neurons in the 212 

hidden layer, and 1 output parameter. 213 
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 214 

Fig. 4: (a) ANN Model with 3 neurons in the hidden layer. 215 

4.3. Input and output normalization 216 

The progress of training can be reduced if training data defines a region that is relatively narrow 217 

in some dimensions and elongated in others [54]. Therefore, to improve the learning speed, 218 

performance, accuracy, and stability of the training process, normalization for the input and 219 

target data should be implemented. The data can be normalized using Eq. 9 [55].   220 

Xnorm =
(Ymax − Ymin)(Xact  − Xmin)

(Xmax − Xmin)
 + Ymin 

(9) 

Table 4 illustrates the minimum and maximum values of the input/output parameters Xmin and 221 

Xmax, respectively. Ymin is the minimum value for each row of X (default is –1), Ymax is the 222 

maximum value for each row of X (default is +1). Yact is the actual value of the input/output, and 223 

Xnorm is the normalized value of the input/output parameter.  224 

Table 4: Parameters used to normalize input and target values 225 

Input/Target Parameter Xmin Xmax Ymin Ymax 

D/t  6.667 72.482 -1 1 
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t (mm) 1.38 15 -1 1 

Lcr (mm) 309.9 5249.2 -1 1 

e (mm) 0 354.5 -1 1 

fy (mm) 355 900 -1 1 

Nu (kN) 14.86 3274.96 -1 1 

4.4. Learning (training) algorithm and transfer function 226 

In this study, the Levenberg-Marquardt back propagation training algorithm was adopted as this 227 

algorithm is fast and has stable convergence and is suitable for training small- and medium-sized 228 

problems. In order to avoid overfitting in the ANN model, the data points are randomly divided 229 

into three sets: training, validation and testing set, with 70%, 15% and 15% of the data, 230 

respectively. During training, the 70% of the data is used to compute the gradient and update the 231 

weights and biases of the system, while cross validation occurs using the validation set so the 232 

generalization performance of the network can be verified. Once the network parameters are 233 

defined, the testing data set will be used to evaluate the accuracy of the ANN model.  234 

This study was performed using the hyperbolic tangent transfer function which is required to 235 

determine the relationship between the output and inputs [56], as given in the Eqs. 10 and 11. 236 

Os = B1
s +  ∑ (wk,l

ho 2

1 +  e−2Hk
− 1)

r

k=1

(10) 

Hk =  B2
k + ∑ wj,k

ih .

q

j=1

Ij (11) 

where, Os represents the normalized output value, q is the number of input parameters; r is the 237 

number of hidden neurons; s is the number of output parameters; B1
s and B2

k are the biases of sth 238 

output neuron and kth hidden neuron (Hk), respectively; wj,k
ih  is the weights of the connection 239 

between Ij and Hk; wk,l
oh is the weights of the connection between Hk and Os. 240 

4.5. Assessing the accuracy of neural network 241 

To assess the accuracy and reliability of the ANN model to predict the buckling resistance of the 242 

CHS beam-column, the Regression values (R2), Root Mean Square Error (RMSE) and Mean 243 

Absolute Error (MAE) are calculated using Eqs. 12, 13 and 14 respectively. 244 
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245 

R =
∑ (Oi − O̅i)(ti − t̅i)

N
i=1

√∑ (Oi − O̅i)
2 ∑ (ti − t̅i)

2N
i=1

N
i=1

(12) 

RMSE = √
∑ (Oi − 𝑡i)

2N
i=1

N
(13) 

MAE =
1

N
∑|Oi − ti|

N

i=1

 (14) 

Where ti and Oi are the actual and predicted buckling capacities, N is the total number of data 246 

points in each set of data. Oi̅ and t i̅are the average of the predicted and actual buckling resistance.247 

4.6. Quantifying input variable contributions in ANN using Garson’s 248 

algorithm 249 

Garson’s algorithm [57] was performed to determine the relative importance of each input 250 

variable in the network, such as diameter-to-thickness, wall thickness, effective length, 251 

eccentricity and yield stress, on the buckling resistance of the CHS beam-column. In Garson’s 252 

algorithm, the variable contributions are calculated based on the absolute values of the connection 253 

weights, and thus it does not provide the direction of the relationship between the input and 254 

output variables [58]. The relative importance of the jth input parameter on the output is: 255 

Ij =

∑ (
wjm

ih

∑ wkm
ihNi

k=1

wmn
ho )m=Nh

m=1

∑ (∑ (
wkm

ih

∑ wkm
ihNi

k=1

wmn
ho )m=Nh

m=1 )k=Ni
k=1

(15) 

In the Eq. 15, Ni and Nh are the numbers of neurons in the input and hidden layers, respectively; 256 

w is connection weights; the superscripts i, h, and o refer to input, hidden, and output layers, 257 

respectively; and the subscripts k, m, and n refer to input, hidden, and output neurons, 258 

respectively. 259 

5. Results260 

This section presents a detailed discussion and analysis of the results in terms of the optimization 261 

and validation of the ANN model, proposing the ANN-based equation for predicting the buckling 262 

resistance of the CHS beam-columns and the influence of each individual input parameter on the 263 

output variable. The performance of the proposed ANN model is assessed through a comparison 264 
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with results obtained from the numerical model and those predicted using the design rules given 265 

in Eurocode 3. 266 

5.1. Optimization and validation 267 

Table 5 presents the statistical performance results for various ANN models obtained using 268 

different number of neurons in terms of the training, testing and validation data as well as all data 269 

set (representing the predicted outputs with respect to the corresponding actual values). The 270 

results are evaluated using statistical parameters including regression (R2), Root Mean Squared 271 

Error (RMSE) and Mean Absolute Error (MAE). The results indicate that the accuracy of the 272 

model is improved by increasing number of neurons in hidden layers. For instance, the model 273 

with 9 neurons has R2, RMSE and MAE values for all data set of 0.9997, 0.004 and 0.003, whereas 274 

these values for the model with 3 neurons are 0.9902, 0.023 and 0.01, respectively. It is worth 275 

noting that when the level of accuracy is barley improved with the increase in the number of 276 

neurons, there is no need to select the model with higher neurons since it may lead to overtraining 277 

issues and result in complex formulas, making design impractical. Consequently, the model with 278 

7 neurons is selected to conduct this study since it exhibits high level of accuracy and a stable level 279 

of convergence. Furthermore, it demonstrates excellent correlation and data fitting for training, 280 

validation and testing data with regression values of 0.9975, 0.9938 and 0.9976 and RMSE values 281 

of 0.04, 0.06 and 0.18, respectively. 282 

 The accuracy of the ANN model has been further validated by comparing the ultimate buckling 283 

resistance capacities obtained from the ANN model with those obtained using FE model and 284 

experimental tests, as shown in Fig 5 and detailed in Table 5.  The figure illustrates an excellent 285 

level of correlation between the predictions of the ANN model (denotes as Nu,ANN) and the 286 

corresponding actual values (which includes FE and experimental test values and denotes as 287 

Nu,actual) with R2, RMSE and MAE values being 0.9992, 0.007 and 0.004, respectively. On the basis 288 

of the robust validation presented in this section, the ANN model has been shown to be an efficient 289 

and reliable design tools for predicting the buckling resistance capacity of hot-finished CHS beam-290 

columns made from normal and high strength steels. 291 

Table 5: Assessment of the ANN models with different neurons. 292 

Number 
of 
neurons 

Training Validation Testing All data 

R2 RMSE R2 RMSE R2 RMSE R2 RMSE MAE 
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3 
0.9937 0.025 0.9978 0.013 0.9982 0.017 0.9902 0.023 0.010 

5 0.9990 0.010 0.9988 0.011 0.9987 0.013 0.9979 0.011 0.006 

7 0.9996 0.006 0.9992 0.008 0.9997 0.006 0.9992 0.007 0.004 

9 0.9998 0.004 0.9998 0.005 0.9998 0.004 0.9997 0.004 0.003 

293 

294 

Fig. 5: Comparison between the buckling resistance capacity obtained from the ANN model 295 

(with seven neurons) and those observed numerically and experimentally. 296 

5.2. ANN-based formula 297 

The proposed ANN-based formula for predicting the buckling resistance of hot-finished CHS 298 

beam-columns is presented in Eq. 16. It is worth noting that the ANN-based formula is developed 299 

on the basis of normalized input values obtained using Eq. 9. Hence, denormalization process on 300 

the outputs must be applied thereafter in order to calculate the actual buckling resistance 301 

resistance of the CHS beam-columns. 302 

(NANN)n = B2 + ∑ w2(i) (
2

1 + e−2Hi
− 1)

n=7

i=1 (16) 

Hi = B1(i) + w1(i, 1)(D/t)n + w1(i, 2)(t)n + w1(i, 3)(Lcr)n + w1(i, 4)(e)n + w1(i, 5)(fy)
n
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In these expressions, the parameters (D/t)n, (t)n, (Lcr)n, (e)n, and (fy)n represent the normalized 303 

values of the inputs D/t, t, Lcr, e and fy, respectively; w1(i,j) is the connection weights between the 304 

neuron in the hidden layer (i) and input (j), whereas w2(i) is the connection weights between the 305 

neuron in the hidden layer (i) and the output. Each neuron in the hidden layer (i) has a bias value 306 

denoted as B1(i), the output bias value (B2) is equal to -1061.691. The values of w1(i,j), w2(i), and 307 

B1(i) corresponding to each neuron i are given in Table 6.  308 

Table 6: The connection weight and the bias values. 309 

Neuron 
w1(i,j) w2(i) 

B1(i) 
D/t t Lcr e fy Nu 

1 
-

0.3686 
0.5797 0.7638 2.2168 -0.2174

6.2846 
4.1259 

2 0.4902 -0.1445 0.6595 3.5415 
-

0.2327 488.7007 
6.1284 

3 0.5032 
-

0.1330 
0.7060 3.5471 

-
0.2080 

-
1316.0831 

6.3879 

4 1.2450 -0.1568
-

0.0528 
-

0.0621 
0.0416 

35.5164 
0.6119 

5 -1.2434 0.1701 0.0527 0.0619 
-

0.0414 35.2565 
-0.5956

6 0.3971 0.2135 
-

0.7443 
-2.1707 0.2227 

8.0896 
-3.4195

7 -0.5192 0.1192 
-

0.7667 
-

3.4684 
0.1771 

-
1889.6202 

-6.9501

5.3. Importance of the input parameters 310 

A further validation of the ANN model has been established, by analysing the contribution of the 311 

five input parameters D/t, t, Lcr , e and fy on the output. The percentage contribution of each inputs 312 

to the buckling resistance of the CHS beam-columns is determined using Garson algorithm 313 

discussed in subsection 4.6 , as illustrated in Fig. 6. The contribution of each input parameter of 314 

D/t, t, Lcr, e and fy are 29.8%, 6.9%, 12.4%, 46.8%, and 4.1%, respectively. Clearly, the eccentricity 315 

and the outer diameter to thickness ratio have the most significant influence on the buckling 316 

resistance capacity, while the wall thickness and steel yield stress have shown the least impact. 317 

The bearing capacity is increased with a lower values of the eccentricity and D/t ratio.  This is 318 

consistent with the observations from the parametric study, as shown in Fig. 7.These results 319 

provide additional form of validation and emphasize the accuracy and reliability of the developed 320 

ANN model. 321 

322 
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323 

Fig. 6: Importance of the input parameters. 324 

a) b) 

Fig. 7: The influence of the a) eccentricity and b) the D/t ratio on the bearing capacity of the 325 

CHS beam-columns obtained from the FE model. 326 

5.4. Comparison with design standards 327 

The aim of this section is to assess the accuracy of proposed ANN model in the light of the current 328 

design rules given in EC3 [4] for CHS beam-columns with class 1-3 cross-sections, which are 329 

discussed previously in Section 2. The generated FE results and experimental tests collected from 330 

the literature are utilized togather with the predictions of the ANN model. Fig. 8 presents a 331 

comparison of the buckling resistance capacity obtained using the ANN model and those 332 

predicted using the design rules in EC3 in respect to the corresponding values from the FE and 333 

test results. The results presented in the figure show an excellent aggreament between the ANN 334 
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resistance predictions and the corresponding actual values with the mean and coeffecient of 335 

variation (COV) values being 1 and 4.9%, repectively. On the other hand, the EC3 predections are 336 

found to be slightly conservative and less accurate compared with the ANN predictions with the 337 

mean and COV values being 0.973 and 6.3%, repectively. Furthermore, it is observed that the 338 

RMSE and MAE for the ANN model is 2.7 times lower than those of the EC3. More key statistical 339 

measures are given in Table 7 for a wider and comprehensive comparison. Obviously, the 340 

proposed ANN model is shown to be more accurat and effeicient tool to predict the buckling 341 

resistance of the CHS beam-columns with a straightforward solution and least computational 342 

cost. 343 

344 

Fig. 8: Comparison of the buckling resistance of the CHS beam-columns obtained from the 345 
ANN model and EC3. 346 

Table 7: Summary of the key statistical parameters. 347 

Mean Standard 
deviation 
(%) 

Coeff. of 
variation 
(%) 

R2 RMSE MAE 

Nu,ANN/Nu,actual 1.003 4.92% 4.91% 0.9992 9.87 6.10 

Nu,EC3/Nu,actual 0.973 6.43% 6.61% 0.9947 28.08 15.82 
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Conclusions 348 

This study has presented a detailed study into the behaviour of hot-finished CHS beam-columns 349 

made from normal and high strength steel. A particular attention is given to accurately predict 350 

the ultimate buckling resistance capacity of CHS beam-columns using the recent advancement of 351 

the artificial neural network (ANN). A total of 3439 data points were obtained from an extensive 352 

parametric study and test results available in the literature. The data is shown to cover a wide 353 

spectrum of the key parameters including various geometries, material properties with different 354 

eccentricities. The generated data is employed to train and validate the ANN model. Accordingly, 355 

a new design formula is proposed using the ANN model to predict the buckling resistance capacity 356 

of CHS beam-columns. The performance of the ANN model is further assessed through a 357 

comparison with the results obtained using the design rules given in EC3. Based on the results 358 

presented in this study, the EC3 predections are found to be slightly conservative and less accurate 359 

compared with those derived using the ANN-based design formula. However, additional 360 

experimental verifications are still required. The resulted presented in this paper emphasize the 361 

validity and accuracy of the proposed ANN-based design formula, providing an excellent basis for 362 

designers to predict the buckling resistance of the CHS beam-columns in an efficient and 363 

sustainable manner with least computational costs.  364 
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