Bearing capacity of steel-caged RC columns under combined bending and axial loads: estimation based on artificial neural networks
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Abstract

The use of steel caging for strengthening a reinforced concrete (RC) column is an economical and common solution. However, the design of the optimum steel cage is a complex aspect. Artificial Neural Networks (ANN) has shown to be a useful device for engineers to solve tasks related to the modelling and prediction of the behaviour of complex engineering problems. This mathematical tool can be trained from a series of inputs in order to obtain a desired output, without the need to reproduce the phenomenon under study. Based on a total of 950 results obtained with a validated finite element (FE) model, this paper presents the use of ANN to predict the axial-bending moment (N-M) diagram of steel-caged RC columns under combined bending and axial loads. The data is arranged in a format of six input parameters taking into account several aspects such as the geometry of the RC column, the size of the steel cage, the concrete compressive strength, the steel yield stress and the axial load level. The output is the bending moment reached by the steel-caged RC column. Since the way of solving the beam-column joint has shown to be very important, four ANNs are developed in this paper, related to the beam-column connection type: using capitals, using capitals with chemical anchors, using capitals and steel bars, and without any element. The ANNs developed show excellent results and are far better to those given by three design analytical proposals. Consequently the ANNs performed are suitable to be used by practitioners when facing the design of a steel caged RC column subjected to axial loads and bending moments.
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1. Introduction

One of the many challenges structural engineers need to solve is finding economical and stable solutions for strengthening reinforced concrete (RC) columns in buildings. Steel caging is a variant of steel jacketing, and it is a usual method available for strengthening RC columns when needed. This technique involves the use of longitudinal angle sections attached to the corners of the column and transversal steel strips welded to the angle sections. The space between the cage and column is filled with cement or epoxy material. The method can be used for square or rectangular cross-section columns.

Steel caging is economical and easy to apply [1-3] and therefore is a retrofitting and strengthening technique commonly used in many countries [1-7]. This technique distinctly improves the behaviour of RC columns. There have been previous experimental [5,8-10] and numerical [1,11-13] studies on the behaviour of  isolated columns strengthened by steel caging and subjected to axial loads. A detailed study of the beam-column joint was carried out by Adam et al. [14,15]. The study showed the importance of the beam-column joint in axially loaded RC columns strengthened by steel caging. Montuori and Piluso [8] performed an experimental study on the effect of eccentric compression loads on isolated columns and proposed a calculation procedure. Garzón-Roca et al. [16,17] carried out experiments on the behaviour of steel-caged RC columns subjected to combined axial load and bending moment, considering the influence of the beam-column joint and testing different ways of solving the cage in the zone nearest to the joint. These experimental data were used later to develop a finite element (FE) model [18] and to perform a parametric study analyzing the influence of several factors such as the angle dimensions, the yield stress in the steel cage and the concrete strength of the column.

An Artificial Neural Network (ANN) is a useful device for engineers to solve tasks related to the modelling and prediction of the behaviour of engineering systems. An ANN is an interconnected network of processing elements trained to indicate the best connection between a given input and a desired output. ANNs have been applied to solve many civil engineering problems [19] including the study of the behaviour of concrete elements. In this field, several works can be mentioned. For example, Kumar and Barai [20] presented an ANN model to measure the ultimate shear strength of steel fibrous reinforced concrete corbels without shear reinforcement and tested under vertical loading. Mansour et al. [21] carried out a study on the application of ANNs to predict the ultimate shear strength of RC beams with transverse reinforcement. Alshihri et al. [22] used ANNs to predict the compressive strength of light weight concrete after different curing lengths. Cladera and Mari set a shear design procedure for reinforced normal and high-strength concrete beams without [23] and with [24] stirrups.

In the case of axially loaded steel-caged RC columns, Adam et al. [15] and Calderón et al. [25] obtained an analytical design proposal for determining the ultimate load of a strengthened column. However, it is very complex to obtain an analytical design proposal when the steel-caged RC column is submitted to axial loads and bending moments. Experimental and numerical studies [16-18] have shown that the solution of this problem involves many parameters and in addition, the way of solving the connection of the cage in the beam-column joint takes an important role. When results of these studies were compared with some analytical proposals [16-19] it was shown there was not a good agreement between the axial-bending moment (N-M) diagrams obtained based on the analytical proposals and the actual N-M diagrams. 

As an alternative to an analytical approach, this paper presents four ANN models which enable the prediction of the N-M diagram of a RC column strengthened by steel caging, taking into account the beam-column connection type: using capitals, using capitals with chemical anchors, using capitals and steel bars, and without any element. The work is a continuation of previous studies [1,8,9,11,12,14-18,25] carried out at the Institute of Concrete Science and Technology (ICITECH) of the Universitat Politècnica de València. The ANNs are trained and tested based on 950 results obtained using a validated FE model [18]. Results obtained with the ANNs show a very good match with the values obtained with the FE model, which indicate the suitability of using ANNs for obtaining the steel-caged RC column N-M diagram. The ANNs results are compared with three analytical design proposals: Montuori and Piluso [7], Li et al. [6] and Eurocode 4 [26]. This comparison shows the ANN to be a better approach than the analytical solutions. In all cases, ANNs give far better results than these three design proposals.

2. ANN objective and data collection

Developing an Artificial Neural Network (ANN) require to have a known data set, so that these data can be used by the network to learn the relationship between the input parameters and the desired result or output. When designing a steel caging strengthening under bending moments and axial loads, a series of characteristics are involved: column geometry and reinforcement, strengthening geometry and material properties. Axial-moment (N-M) interaction diagram is a important tool, since it enable know if the strengthening set is able to bear the design loads or not Obtaining the N-M interaction diagram is the objective of the ANNs performed in this paper.

Garzón-Roca et al. [18] developed a FE model of a steel-caged RC column subjected to both axial loads and bending moments. This model was validated based on previous experimental studies [16,17] where a series of specimens were tested. The specimens consisted of two lengths of RC columns with a central transverse element representing a beam (see Fig. 1). An axial load was applied up to a certain value, and then a shear load was applied to the upper section of the beam to create a bending moment. The axial load was kept constant while adding the shear load, which was gradually increased until the specimen failed. This experimental study considered the influence of the beam-column joint, and analyzed different types of elements which could be used to strengthen this area. Regarding the numerical FE model (see Fig. 2), its validation ensured that the finite element model adequately reproduced the behaviour of the strengthened column, the failure patterns, the maximum applied load values, and the stresses developed in the strengthening angle pieces [18]. The numerical FE model enables taking into account four ways of solving the beam-column joint area:

a) S specimens (Fig. 3a): strengthened with steel caging, but without other elements connecting the steel cage to the beam-column joint.
b) C specimens (Fig. 3b): strengthened with steel caging and capitals at the end of the cage in contact with the beam-column joint. 
c) A specimens (Fig. 3c): included the same type of capitals as C specimens, but the capitals were connected to the beam-column joint with chemical anchors embedded in the concrete.
d) B specimens (Fig. 3d): included the same type of capitals as C specimens, but the capitals on each side of the beam-column joint were joined by steel bars.
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Fig. 1. Specimen tested in the previous experimental study. Numerical values in mm.
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Fig. 2. Finite element model developed in previous studies. The model represents
1/4 of the specimens tested, having two symmetry planes.
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Fig. 3. Strengthened specimens tested: (a) without any additional element in the beam–column joint; (b) with capitals; (c) with capitals and chemical anchors; (d) with capitals and steel bars.
After validating the FE model, Garzón-Roca et al. [18] carried out, for each type of specimen, a parametric study analyzing the influence of several factors: angle dimensions, number of strips, yield stress in the steel cage, capital dimensions, concrete strength and size of the reinforcement bars in the column. That study defined the interaction diagrams of 660 different strengthened columns. The ANNs performed in this paper will use these data. In addition, and to have more results to train and test the ANNs, 24 new numerical N-M interaction diagrams models were obtained using the FE model mentioned previously mentioned. Table 1 presents the new specimens modeled and Fig. 4 the new N-M diagrams obtained. Considering this new data, the final number of N-M points used to train and test the ANNs developed in this paper was 950.
Table 1
New specimens analysed with the FEM model developed in [19].
	Specimen
	Strengthening
	Beam-column joint connection type*
	Materials
	Column rebar

	
	Capital dimension
	Angle dimension
	No. of strips
	Strip size (mm)
	
	fc (MPa)
	fys (MPa)
	fyL (MPa)
	

	S1
	-
	L60.6
	3
	140
	-
	30
	500
	275
	4ϕ16

	S2
	-
	L40.4
	3
	100
	-
	30
	500
	275
	4ϕ12

	S3
	-
	L50.5
	5
	100
	-
	12
	500
	275
	4ϕ12

	S4
	-
	L50.5
	5
	140
	-
	20
	400
	275
	4ϕ12

	S5
	-
	L70.7
	5
	140
	-
	20
	500
	355
	4ϕ16

	S6
	-
	L80.8
	3
	140
	-
	12
	400
	275
	4ϕ10

	C1
	L50.5
	L60.6
	5
	100
	C
	20
	500
	275
	4ϕ12

	C2
	L90.9
	L50.5
	5
	140
	C
	12
	500
	275
	4ϕ16

	C3
	L70.7
	L40.4
	5
	140
	C
	20
	500
	275
	4ϕ20

	C4
	L70.7
	L40.4
	3
	140
	C
	30
	500
	275
	4ϕ12

	C5
	L70.7
	L70.7
	5
	140
	C
	12
	500
	355
	4ϕ10

	C6
	L70.7
	L80.8
	3
	140
	C
	12
	400
	275
	4ϕ12

	A1
	L50.5
	L60.6
	5
	140
	C+CA
	20
	500
	275
	4ϕ20

	A2
	L70.7
	L60.6
	3
	140
	C+CA
	30
	500
	275
	4ϕ10

	A3
	L90.9
	L40.4
	5
	100
	C+CA
	12
	500
	275
	4ϕ12

	A4
	L70.7
	L50.5
	5
	140
	C+CA
	20
	500
	275
	4ϕ16

	A5
	L70.7
	L70.7
	5
	100
	C+CA
	12
	500
	355
	4ϕ12

	A6
	L70.7
	L80.8
	3
	140
	C+CA
	12
	500
	275
	4ϕ10

	B1
	L70.7
	L50.5
	5
	140
	C+SB
	12
	500
	355
	4ϕ12

	B2
	L90.9
	L60.6
	5
	140
	C+SB
	20
	500
	355
	4ϕ12

	B3
	L70.7
	L60.6
	5
	100
	C+SB
	20
	500
	275
	4ϕ16

	B4
	L70.7
	L60.6
	3
	140
	C+SB
	30
	500
	275
	4ϕ10

	B5
	L70.7
	L60.6
	3
	140
	C+SB
	12
	400
	355
	4ϕ12

	B6
	L70.7
	L50.5
	5
	100
	C+SB
	12
	500
	275
	4ϕ20

	* C: Capital; CA: Chemical Anchor; SB: Steel Bar.



[image: ]
Fig. 4. New NM-diagrams obtained: (a) S specimens; (b) C specimens; (c) A specimens; (d) B specimens.
3. Artificial neural network
3.1. Description

An Artificial Neural Network (ANN) is a system of parallel processes which imitates the work of biological neurons in a human brain. A neuron is the basic processing element of the network. Fig. 5 shows a simple neuron with a single scalar input (I). The Input of the neuron is multiplied by a weight (W) and added a bias (B). The product is then summed together and applied a transfer function (f) to generate the neurons output (O) [27].

[image: ]
Fig. 5. Single neuron work.
A multilayer network consists of an input layer, one or more hidden layers and an output layer. Each of these layers consists of a number of neurons. The input layer receives information from outside the network. The information then passes through the intermediate layers, called hidden layers. The output layer makes the processed information accessible outside the network. The architecture of a multilayer neural network is presented in Fig. 6. The weights are structured as matrixes containing the connection strengths between the neurons in the layers. Matrix Wx,y contains the input weights, and connect the input values with the neurons in the hidden layer. Matrix Wy,z contains the hidden layer weights, connecting neurons in the hidden layer with neuron in the output layer.

[image: ]
Fig. 6. Multilayer feed-forward network architecture.
The ANN has the ability to learn from experience. This means that training the network to recognize certain patterns can optimize the network performance. The main purpose of network training is to learn the network how to perform a particular task by tuning the adjustable parameters. In the initial setup weight factors are random numbers. The learning process will in turn lead to adjusting the weights and biases, with the main objective to minimize the ratio between the target output and the computed output.

It is often possible that the established ANN model performs well on training, but the success is measured by evaluating the functional performance, called testing. Usually, a small tolerance limit is allowed for testing the performance of the network.

The neural network applications are based on the back propagation process [27] (BPNN) (see Fig. 7). Simplified, the BPNN learning is a repetitive search process which adjusts the weights from the output layer back to the input layer in each run until no further improvement in the MSE (mean squared error) value is achieve. MSE is a function that measures the network performance according to the mean of squared errors. The goal of any training algorithm is to minimize MSE between predicted outputs and observed outputs. The number of hidden layers and the number of neurons in each layer is chosen to provide a minimum value for the error [20,21]. The MSE equation is defined as: 

	(1)

where Ti denotes the target output and Oi the computed output.

[image: ]
Fig. 7. Back propagation process (BPNN).
3.2 Data collection and pre-processing 

An ANN is able to transfer data from a wide variety of sources. The data collected was explained in Section 2. After a careful analysis of the parameters involved in the problem, it was decided to use in the ANNs the following six input parameters:

a) Compressive strength of the concrete, fc.
b) Mechanical ratio between reinforcement and concrete, (As·fys)/(Ac·fc), being As and Ac the reinforcement and concrete area respectively, and fys the yield stress of the steel  reinforcement.
c) Mechanical ratio between steel cage and concrete, (AL·fyL)/(Ac·fc), being AL and fyL the area and the steel yield stress of the steel cage respectively.
d) Ratio H/h, i.e. the ratio between the depth of the cross-section of the column (h) and the distance between the outer extremities of the capitals (H). H includes (see Fig. 8a) the depth of the cross-section of the column, the thickness of the steel angles and the length of the capitals (if they are present in the strengthening). 
e) Influence of the strips in the beam-column joint area, defined as the ratio (n·s)/(2·d), being d the effective depth, s the strip size and n the number of strips in a radius equal to twice the effective depth from the beam-column joint (see Fig. 8b).
f) Non-dimensional axial force, N/(Ac·fc), being N the axial force. 

[image: ]
Fig. 8. Special input parameters: (a) definition of parameter H; (b) definition of parameter (n_s)/(2_d).
It should be noted that the axial force was an input of the ANNs, not an output. The single output of the network was the non-dimensional bending moment, M/(h·Ac·fc), being M the bending moment of the strengthened RC column, and h the depth of the cross-section of the column.

Table 2 presents the range of maximum and minimum values and some statistical parameters (mean, standard deviation and coefficient of variance) of the input and output parameters. To speed up the learning process, the input and output values were transformed into values between 0 and 1 using the simple linear normalization function shown in the following equation:

	(2)

where Xi,ANN denotes the normalized value of the input or output, and Xmax denotes the upper bound of the variable Xi.

Table 2
Statistics of collected data
	Variable
	Minimum 
	Maximum
	Mean 
	Standard deviation 
	COV (%)

	fc (MPa)
	12.0
	30.0
	16.0
	6.49
	40.5

	(As·fys)/(Ac·fc)
	0.08
	0.80
	0.29
	0.16
	56.3

	(AL·fyL)/(Ac·fc)
	0.15
	1.70
	0.85
	0.42
	48.9

	H/h
	1.00
	1.40
	1.25
	0.12
	9.30

	(n·s)/(2·d)
	0.20
	0.70
	0.58
	0.13
	22.3

	N/(Ac·fc)
	0.00
	2.85
	0.96
	0.72
	75.3

	M/(h·Ac·fc)
	0.00
	0.75
	0.29
	0.16
	55.1



3.3 Architecture of the ANN

The ANNs models were configured in the Neural Network Toolbox of MATLAB 7.0 [27]. Since the behavior observed in the four types of specimens (S, C, A and B) analyzed in this paper is very different, four ANNs models were made, one for each type of specimen. The models were based on a 6-m-1 feed-forward three-layer neural network, with six neurons in the input layer (related to the six input parameters fc, (As·fys)/(Ac·fc), (AL·fyL)/(Ac·fc), H/h and N/(Ac·fc)), a linear neuron in the output layer (M/(h·Ac·fc)) and a number of neurons (m) in the hidden layer. These hidden neurons used a sigmoid expression, g(x) = 1/(1 + e-x), as a transfer function. The number of neurons in the hidden layer was determined by trial and error, with the aim of getting the best model performance. 

Levenberg–Marquardt algorithm was used to train the ANNs. This algorithm is based on a numerical optimization theory which provides a set of techniques to improve the learning rates. A percentage of 80% (760 data sets) for model calibration (training) and a percentage of 20% (190 data sets) for model validation (testing) were used. The maximum number of training cycles or epochs was chosen as 1000 to achieve the specified error tolerance, and the goal for the error was chosen as 10-5. In addition, data was picked randomly for a more realistic result.

3.4 Testing process

To identify the number of neurons that gave the best overall results several ANN simulations were carried out. The performance of the ANNs was evaluated using the MSE value and the statistical coefficient of determination, R2. It was considered that a neural network was optimum when R2 reached a value of 0.99 and the value of MSE was lower than 0.0005 for training and testing.

For each type of specimens (S, C, A and B) the number of neurons in the hidden layer (m) was set initially to one. This number of neurons was then gradually increased until the values of R2 and MSE previously mentioned were achieved. Fig. 9 shows the evolution of these values for each ANN simulated. As can be seen, number of neurons in the hidden layer that gives the optimum performance is three for specimens S and B, and four for specimens C and A. Table 3 shows the values of R2 and MSE obtained for the ANN developed. Weights related to these configurations are given in Appendix A.

[image: ]
Fig. 9. ANN simulation results. Evolution of the coefficient of determination (a) and the MSE (b) when the number of neurons in the hidden layer is changed.

Table 3
ANN results.
	Specimen
	Neurons in the hidden layer
	Mean*
	Standard deviation* 
	MSE
	Performance percent

	S
	14
	0.973
	0.133
	3e-004
	16

	C
	14
	1.007
	0.175
	0.0052
	24

	A
	16
	0.951
	0.144
	0.0018
	11

	B
	12
	1.061
	0.117
	3e-004
	21

	* Values related to the ratio MANN / MReal




4. Design proposal
The ANNs obtained have shown very good results. Therefore the ANNs developed here can be used by practitioners when dealing with a steel caging design. According to the network architecture mentioned previously, in all cases the transfer function used for the hidden layer was a sigmoid and the transfer function used for the output layer was linear. Hence, the bending moment M predicted with the ANNs can be represented with the following general expression:


	(3)
where Ac, fc and h are, respectively, the column cross-section (in m2), the compressive strength of the concrete (in MPa) and the column depth (in m); these parameters and the coefficient 0.75 are due to the inverse scaling process of Eq. (2); m is the number of neurons in the hidden layer; K is equal to the value of by,x; Bi are the coefficients of matrix Wy,x; and Ci is a linear combination with the scheme:


	(4)

being wi,j the coefficients of matrix Wx,y (i defines the row and j the column), di the coefficients of the matrix bx,y, and Ij the corresponding input parameter scaled according to Eq. (2).

For instance, for type S specimens, Eq. (3) becomes:


	(5)

where coefficients C1, C2, and C3 are obtained according to Eq. (4) and are equal to:


	(6)


	(7)


	(8)

being:


	(9)

The application of Eqs. (3) and (4) for the other specimens is very similar, and for the sake of brevity is not detailed here. Table 4 shows the performance of these expressions when applied directly to the 950 N–M of the interaction diagrams obtained as explained in Section 2. Besides the statistical parameters R2 and MSE, the RMSE (root mean squared error) and the maximum error were shown. RMSE defines the mean difference between the real bending moment (MReal) and the bending moment obtained using the expressions of this paper (MANN), i.e. the mean error made when applying the ANNs expressions. The maximum error shows the maximum (in absolute value) difference between MReal and MANN. Furthermore, the mean value and the standard deviation of the ratio MANN/MReal are also shown. These two parameters explain how close the proposal is to the real value (the closer the mean to 1 and the standard deviation to 0 the better), and if the proposal is, in general, on the safe side (a mean value below 1) or not.

Table 4
Performance of expression Ec (3).
	Specimen
	R2
	MSE
	RMSE (kNm)
	Maximum errror (kNm)
	Mean*
	Standard deviation*

	S
	0.99
	6.19
	2.49
	14.13
	0.99
	0.067

	C
	0.99
	13.14
	3.63
	28.57
	0.99
	0.052

	A
	0.99
	9.78
	3.13
	16.89
	0.99
	0.043

	B
	0.99
	20.89
	4.57
	33.03
	0.99
	0.053

	* Mean and standard deviation values of the ratio MANN / MReal



As can be seen, the coefficient of determination (R2) is 0.99 in all cases, which indicates a very good agreement between MReal and MANN. In addition, RMSE is very low and the maximum error is not very high. Moreover the mean value of MANN/MReal is very close to one and the standard deviation is very low. Hence, the expressions proposed in this paper give very good predictions of MReal and can be used by practitioners who need to design a RC column strengthened by steel caging under a combination of an axial load and a bending moment. However it is very important to note that as ANNs are a numerical tool, and in some cases numerical errors can lead to illogical output values. Therefore, it is advisable when using the ANNs for a specific design, to check their results using engineering judgement.

5. Comparison of the results with the proposals of Montuori and Piluso [7], Li et al. [6] and Eurocode 4 [26]
Finally, results obtained from the ANNs were compared with those provided by three design proposals:

(a) Montuori and Piluso [7], proposed a calculation procedure for steel caged RC columns subjected to eccentric compression loads, based on the Mander et al. [28,29] proposal for confined concrete. Authors showed the suitability of the proposals by means of a series of experimental tests. It should be noted, that these tests could be possibly the first tests done in steel caged RC columns on the effect of eccentric compression loads. According to these authors, if the strengthening is not continuous through the beam–column joint (as in the case of the specimens tested, which were only strengthened on the column sections, leaving the joint unstrengthened), the angles only provide confinement to the strengthened column.

(b) Li et al. [6], tested RC columns strengthened by steel caging subjected to cyclic loads. They proposed a method of determining the axial load-bending moment that would cause failure of the strengthened column, based on a concrete confinement model proposed by Teng et al. [30] for RC columns strengthened with FRP.

(c) Eurocode 4 [26]. This code does not include a design proposal for direct application. By assuming that the strengthened column behaved similarly to a composite steel–concrete column, Adam et al. [12,14] showed that the ultimate axial load for a steel caged RC column with capitals could be estimated from Eurocode 4 [26].

The above proposals were applied to the 950 data sets of points N–M of the interaction diagram obtained as explained in Section 2. It is important to note that since the FE model developed in [18] considered an elastic perfectly plastic behavior of the steel (both reinforcement and strengthening), it has been assumed that steel ultimate and yield stresses are equal. Table 5 shows the coefficient of determination R2, along with the root mean squared error (RMSE) obtained in each case, and the mean value of the ratio between the bending moment predicted by each proposal (MProposal) and the real bending moment (MReal).

Table 5
Performance of the design proposal of Montuori and Piluso [7], Li et al. [6] and Eurocode 4 [26].
	Specimen
	Montuori y Piluso [7]
	Li et al. [6]
	Eurocode 4 [26]

	
	R2 
	RMSE
(kNm)
	Mean*
	R2 
	RMSE
(kNm)
	Mean*
	R2 
	RMSE
(kNm)
	Mean*

	S
	0.41
	41.17
	0.42
	0.64
	44.63
	1.51
	0.52
	64.64
	1.89

	C
	0.13
	62.48
	0.34
	0.43
	34.07
	1.02
	0.38
	46.83
	1.33

	A
	0.17
	69.41
	0.30
	0.55
	31.53
	0.94
	0.50
	42.55
	1.22

	B
	0.35
	79.49
	0.25
	0.79
	23.59
	0.76
	0.79
	26.28
	1.01

	* Mean value of the ratio MProposal/MReal



Results show that the proposal of Montuori and Piluso [7] is always on the safe side, but all the statistical indicators confirm that the difference between the real value and the value estimated is quite high. Therefore, using this proposal would lead the practitioner to underestimate the bearing capacity of the strengthened RC column.

The proposal of Li et al. [6] could be useful for C and A specimens, as the mean of ratio MProposal/MReal value is close to 1. However, both the coefficient of determination and the RMSE are not very good, which indicates that in some cases, the predictions are not close to the real values. This proposal is not recommended for S specimens since it is not on the safe side (mean value of ratio MProposal/MReal is higher than 1). For B specimens, this proposal is on the safe side and gives acceptable results.
The proposal of the Eurocode 4 [26] is in a good agreement with B specimens, with a mean value of the ratio MProposal/MReal close to 1. In all other cases, this proposal should not be used, since it overestimates clearly the bearing capacity of the strengthened RC column (mean values of ratio MProposal/MReal higher than 1).

Finally Eq. (3) based on the ANNs developed in this paper, shows better results for all types of specimens (see Table 4). The use of this expression achieves a value of R2 of 0.99, while the other proposals reach 0.79 at the most. As can be seen in Table 5, RMSE is lower in general when using Eq. (3). Finally, the mean value of the ratio between the bending moment predicted and the real bending
moment is better when Eq. (3) is used. Therefore, it can be concluded that the proposal based on the use of ANNs predicts the behavior of a steel caged RC column under bending moment and axial loads much better than other proposals.

6. Conclusions
A set of Artificial Neural Networks to predict the N–M interaction diagram of a RC column strengthened by steel caging is presented in this paper. Four types of strengthened specimens have been taken into account: specimens without any element in the beam–column joint; specimens with capitals in the beam–column joint; specimens with capitals and chemical anchors; and, specimens with capitals and steel bars linking the capitals at both sides of the joint. The ANNs have been trained and tested based on a total of 950 data sets.

For each type of specimen, an ANN model has been developed and configured to get the best model performance. The models were based on a feed-forward three-layer neural network architecture, and consisted of six neurons in the input layer, a neuron in the output layer, and between 3 and 4 neurons in the hidden layer, depending on the specimen type. To identify the ideal number of neurons in the hidden layer a statistical analysis was carried out. Having encountered the ideal number in the hidden layer for the ANNs, a mathematical expression has been built to represent the ANNs. This expression, corresponding to Eq. (3), has the same performance as the ANNs, but it is much easier to use by practitioners.

The expression was tested using some statistical parameters (R2, MSE, RMSE and mean and standard deviation of the ratio MANN/MReal) showing very good results. Finally, the new expression has been compared with three analytical design proposals [26,6,7]. Studies behind these proposals are very interesting, and the proposals have demonstrated their usefulness. However, when these analytical proposals are facing a wide variety of parameters (mainly the type of solution in the beam–column joint), they tend to be slightly inaccurate and sometimes overestimate the resistance of the strengthened column. On the other hand, the expression proposed in this paper has shown to achieve very good results and to be able to accurately predict the bending moment that a RC column strengthened with steel caging can withstand. Thus this new proposal can be considered as a suitable and practical design tool.
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Appendix A
This appendix shows the weights and biases for the four ANN developed in this paper. Note that these ANNs were obtained based of a series of inputs and output scaled between -1 and 1 (see Section 3.2).

ANN S-specimen weights and biases:





ANN C-specimen weights and biases:






ANN A-specimen weights and biases:






ANN B-specimen weights and biases:
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