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Abstract: There is a large amount of useful information from past experimental tests, which are
usually ignored in test-setup for the new ones. Variation of assumptions, materials, test procedures,
and test objectives make it difficult to choose the right model for validation of the numerical models.
Results from different experiments are sometimes in conflict with each other, or have minimum
correlation. Furthermore, not all these information are easily accessible for researchers and engineers.
Therefore, this paper presents the results of a comprehensive study on different experimental models
for steel plate and reinforced concrete shear walls. A unique library of up to 13 parameters (mechanical
properties and geometric characteristics) affecting the strength, stiffness and drift ratio of the shear
walls are gathered including their sensitivity analysis. Next, a predictive meta-model is developed
based on artificial neural network. It is capable of forecasting the responses for any desired shear
wall with good accuracy. The proposed network can be used to as an alternative to the nonlinear
numerical simulations or expensive experimental test.

Keywords: steel plate shear wall; reinforced concrete shear wall; meta-model; neural network

1. Introduction

Bertero [1] defined the shear wall (SW) as a very stiff member, with high resistance to deformation
under load. “It is essentially a plate loaded in its own plane, but the analysis needed to predict its behavior is
more complicated than that of simple plates” [1]. Shear walls resist lateral forces parallel to their plane.
The slender walls (where the bending deformation is of concern) resist the loads due to cantilever
action. In general, the SW system can be classified as reinforced concrete shear walls (RCSW) [2—4],
steel plate shear wall (SPSW) [5,6], masonry shear walls [7-9], composite shear walls, and timber plate
shear walls [10,11]. Although the RCSWs have longer history than SPSWs in structural engineering
(due to their remarkable strength and lateral stiffness), the application of SPSWs has also increased in
the past few decades [12,13]. SPSWs reduce the overall steel consumption, they are lighter compared
to other walls, and they can be easily adopted in existing or damaged buildings [14,15]. SPSWs were
also added to the design codes as an acceptable lateral load bearing systems [16,17].

The proper design of a SW can provide energy absorption, stiffness, ductility, and appropriate
behavior under cyclic/seismic loading. The adequate stiffness of the lateral load bearing system may
reduce the story drift and fulfill the code requirements. Quantification of the strength, stiffness and
ductility leads to a precise performance evaluation of the SW systems.

Design and/or analysis of a SW system requires proper background information about the
mechanism and performance of these systems. Often, the numerical models should be validated
based on the experimental tests [18]. There is a very large set of SW experiments tested by different
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researchers with various assumptions and purposes. The results are sometimes in conflict with each
other or at least have minimum correlation. This makes the model selection quite difficult. In addition,
not all these information are easy to collect and process by engineers (as they might be copyrighted or
restricted materials). The authors have been confronted by such a problems in their previous studies
on both steel and RC shear walls from experimental [15] and numerical [19] points of view. This was
one of the motivations to develop such a comprehensive database of SW models, which would be
useful for all the future studies related to the experimental and numerical validations.

On the other hand, such a huge database might be difficult to track by practitioners, and, thus,
a meta-model is required to summarize and present the results in a systematic way. This should
include the parameters affecting the stiffness and strength of the SWs, as well as their sensitivity. There
exist many soft computing (or surrogate) techniques with different levels of sophistication that can be
used to post-process a database [20]: artificial neural network (ANN), support vector machine [21],
polynomial chaos expansion [22], etc. In this research, the ANN is selected, which has been proven to
be one of the best soft computing techniques, in nearly all engineering fields. The neural network can
predict several outputs by receiving a set of input parameters. To do this, a neural network should be
trained efficiently. Then, it can predict other results that have not been investigated before.

2. Research Significance and Contributions

The research significance can relay on the profuse investigation of the existing database of the
SWs, as well as to provide a useful tool to fellow researchers. It is important to notice that the difficulty
in obtaining large scale results for SWs behavior has greatly limited the research in the past for this
important issue. This paper is intended to adopt one of the widely-used and well-established soft
computing techniques (i.e., ANN) to solve an engineering problem. Comparing and contrasting
various surrogate models are not the focus of this paper. The developed predictive meta-model can
be used as a useful alternative in the absence of detailed experiments or numerical simulations. The
contribution of the authors in this paper can be summarized as follows:

e Developing a large library of SW experimental tests for both the steel plate and reinforced
concrete materials

e  Training and developing an ANN-based meta-model for SWs for response prediction purposes

e Providing an active library of data which can be easily updated by any new information

e  Performing sensitivity analysis of the responses to the input parameters

e  Proposing a predictive models for stiffness and strength for both types of SWs, as well as the drift
ratio for RCSWs

The paper starts with a brief description on ANN model and its fundamental features in Section 3
(for those readers who are not familiar with this concept). Next, the comprehensive database
is introduced in Section 4. The ANN training process and meta-models are then presented in
Section 5 followed by the sensitivity analysis. Finally, Section 6 provides the general conclusions
and recommendations. Detailed information about the SW library, and the developed neural network
model can be found in Appendixes A and B, respectively.

3. Artificial Neural Network

An ANN is inspired by the human brain, in which the neurons are tasked with data processing.
By gathering these neurons, the layer is produced, and an ANN may consist of several layers. Neurons
are connected by weighted synapse. Finally, the input data exit from the output layer after applying
numerical processing on them [23,24]. Hebb [25], Widrow and Hoff [26] and Rosenblatt [27] offered
fundamentals and extensions of the ANN. Research on the neural network continued until 1985,
and Rumelhart et al. [28] proposed multi-layer perceptron (MLP) with back-propagation algorithm.
Subsequently, various models and networks were presented and research is still ongoing [29].
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A MLP is a type of neural network in which neurons are deployed on more than one layer. An
output of nth neuron in the mth layer in a generic MLP is determined as:

o = fir (1) ot o) 8

where I is the function of nth neuron in the mth layer, w("~1) is the weights from (m — 1)th to mth
layer, and 0™ is mth layer’s bias term.

For the last layer, n = 1 and O]} = ;. The objective function for learning process is defined in a way to
minimize the mean squared error (MSE = 1 ¥ (y — 1)?) between the observed value, y, and the estimated
one, . This is an iterative procedure by initializing w value, estimating {, and computing the corresponding
MSE. If the obtained MSE falls outside the satisfactory range, the initial w should be updated.

The MLP is capable of classification, clustering, and function approximation. With a neural
network of three [30-33] and four [34] layers, and sufficient number of neurons in the hidden layers,
nearly any function can be estimated [23,35]. Usually, a four-layer network requires fewer weights to
estimate the functions; however, it introduces more local minima [36].

The ANN is one of popular soft computing techniques in structural engineering and mechanics.
Although there is much research and development, on both the theoretical aspects and application,
some of the most relevant ones are reviewed in this section. Adeli and Seon Park [37] evaluated the
maximum moment of abeam. Xu et al. [38] proposed a method for crack detection in plates using a MLP.
De Lima et al. [39] evaluated three types of steel beam-column joints. It was observed that the neural
network can properly estimate the bending strength of the connection; however, due to differences
in the measurement systems, the network had extra error in estimation of the stiffness parameter.
Abdalla et al. [40] provided an estimate of the shear strength of RC rectangular beams by examining
the parameters such as concrete strength, reinforcement ratio, thickness, length, and width of the beam.
It was observed that the network can estimate the shear strength of concrete beam with acceptable
accuracy. More than 96% of the estimated neural network data had absolute error less than 15%, while
it was 26% and 23% for UK and US standards estimated data, respectively. Kumar et al. [41] evaluated
composite shell vibration. It was found that the response from the neural network for all of the loading
patterns in the research was nearly identical to the response.

Gonzalez and Zapico [42] determined the seismic failure in structures. The network inputs were
the natural frequency of the structure and shape of the mode, and the output was mass and stiffness.
The data were obtained using finite element analysis. The network showed a good performance in
prediction of the structural behavior. Yan et al. [43] reviewed the structural failure of the beams using
back propagation algorithm. It was observed that the neural network properly predicts the failure of the
beams. Lee and Lee [44] predicted the shear strength of the RC beam reinforced with FRP by evaluating
106 experimental data using ANN. It was observed that the network can estimate shear strength with
better accuracy than other available equations. Asteris and Plevris [45] proposed the application of
ANN s to approximate the failure surface of the anisotropic masonry materials in a dimensionless form.
They compared the derived results with experimental findings and analytical solutions, and reported
a reliable performance for the ANN-based approximation of the masonry failure surface under biaxial
stress. Toghroli et al. [46] reviewed various numerical methods to examine the parameters affecting the
bearing capacity of composite beams. It was observed that extreme learning machine has the best result
in estimating the composite beam behavior among other investigated methods. Naderpour et al. [47]
proposed a method in which the geometric and mechanical properties of cross-section and FRP bars,
and shear span-depth ratio were considered for concrete beams. The error in the shear strength
estimation was about 9.7%, which was significantly lower than other methods and relationships.

Rezaei Rad and Banazadeh [48] presented a comprehensive application of probabilistic soft
computing technique in damage determination of steel structure. Ghorbani et al. [49] used the MLP
and radial basis function ANNSs to predict the support pressure, and develop the ground motion
curve in an underground structure (circular tunnel). An elastoplastic, strain-softening rock mass
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was considered including both single- and double-layer hidden neurons. Asteris and Kolovos [50]
proposed the application of ANNs to predict the mechanical characteristics of self-compacting concrete.
The 28-day compressive strength of admixture-based self-compacting concrete was predicted, and a
formula was proposed for the data normalization. Chen et al. [51] developed two hybrid surrogate
models by combining ANN with imperialist competitive algorithm (ICA) and genetic algorithm. These
techniques were used to predict the safety factor of retaining walls in dynamic condition. A very large
database of 8000 designs were used for this purpose. They found that the ICA-ANN provides a better
performance. Finally, Asteris and Nikoo [52] optimized the connection weights of the feed-forward
ANNSs using the artificial bee colony (ABC). The algorithm was then used to determine the fundamental
period of reinforced concrete infilled structures. They confirmed the superior performance of this
hybrid method over the traditional ones.

4. Library of Shear Wall Database

As stated in Section 1, a comprehensive library of SW databases is collected. It includes about 300
samples with 12 features for SPSWs, and about 4000 samples with 13 features for the RCSWs. Those
features are listed in Tables 1 and 2. It should be noted that the SPSW models are without stiffener,
slip, and opening and are non-corrugated.

Table 1. Statistics of the parameters in SPSW model.

Parameter Symbol Unit Min Max Mean STD
Frame Height hy mm 500 1830 1073 283
Frame Width b fi mm 500 3660 1747.8 712.2
Column Area Ac mm? 1070 18190 7598.5 44249
Column Moment of Inertia Ic mm? 864,000  3.47 x10%  7.00 x107  8.70 x107
Beam Area Ay mm? 1070 16,300 6163.1 3682
Beam Moment of Inertia I mm?* 864,000 6.37 x10%  6.10 x107  1.20 x108
Plate Height hy mm 380 1500 1034 3183
Plate Width by mm 380 3337 1360.8 668.8
Plate Thickness tp mm 0.5 15 3.79 3.12
Plate Yield Stress Fyp Pa 295,000 420 x10% 250 x10®  1.00 x10°
Plate Ultimate Stress Fyp Pa 2.60 x10% 560 x10% 410 x10®  9.60 x10”
Plate Modulus of Elasticity Ep Pa 150 x10" 200 x10" 1.80 x10'"  2.20 x10°
Load Bearing Capacity P N 11,480 3,020,000 1,056,303 795,832
Lateral Stiffness K N/mm 2380 181,000 68,983.2 45,897

Table 2. Statistics of the parameters in RCSW model.

Parameter Symbol Unit Min Max Mean STD
Axial Load A.L kN 0 3192 323 514.1
Boundary Element Length Wi mm 0 380 123.6 99.6
Boundary Element Width Woyp mm 0 610 142.7 129
Vertical Column Reinforcement Ratio Ouvc % 0 14.33 2.3 2.62
Horizontal Column Reinforcement Ratio Och Y% 0 6.69 0.75 0.93
Yield Stress of Column Reinforcement Fyc MPa 276 1412 495.6 181.6
Wall Height Iy mm 476 11,760 18125 12103
Wall Width Ly mm 450 5400 1389.2 6852
Wall Thickness tw mm 45 240 115 47
Vertical Wall Reinforcement Ratio Pow % 0 14.33 0.74 1.47
Horizontal Wall Reinforcement Ratio O Y% 0 6.69 0.47 0.54
Yield Stress of Wall Reinforcement Fyw MPa 216 1412 503.2 190.2
Concrete Compressive Strength ! MPa 9.5 93.6 35.3 14.6
Lateral Load Bearing P kN 15.42 3230.7 530.2 500
Lateral Stiffness K KN/mm 329 2933.7 209 341.8

Drift Ratio D % 0.21 6.9 1.65 1.05
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Figure 1 illustrates the dimensions used for a generic SPSW and RCSW. Tables A1 and A2 (see
Appendix A) illustrate the detailed library of SW database for steel plate and reinforced concrete
walls, respectively. Feature selection should be included in all the aspects of the problem. The input
parameters are in a wide range of variations, and should be normalized before using in the meta-model.
Therefore, the data were linearly normalized in range of [0, 1]. This linear transformation preserves all
the relationships of the initial database [53]. Initial weights were selected randomly focusing on the
range of [—0.77, +0.77]. It has been empirically observed that this weight initialization technique leads
to better performance and faster training of the ANN [54].
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Figure 1. Dimensions of a generic shear wall. (a) SPSW, (b) RCSW.

A poor weight initialization may cause divergence of the outputs or becoming stuck at the
local minima [23]. Tables 1 and 2 show the statistics of the selected features for SPSWs and RCSWs,
respectively. The target data were considered to be the maximum strength, P, and stiffness, K, for
SPSWs, plus drift ratio, D, (in addition to K and P) for RCSWs. The choice of these parameters
was based on the abundance of data (e.g., crack pattern) in the literature, as well as the proper SW
behavior expression. By estimating these parameters, the geometric characteristics and the mechanical
properties required to obtain the desired shear strength, stiffness and drift ratio can be determined
(accounting for an appropriate reliability coefficient). In design of SPSWs, it is assumed that the
boundary elements do not yield, thus the mechanical properties of these members are not included as
a network input. In all experiments, the buckling and the collapse of the infill plate occurred prior to
the boundary elements. The network is applicable to the initial design of the SWs, as well as to retrofit
the existing ones.

5. Modeling the Network

5.1. Number of Neurons

When the desired performance of the network is accomplished, the learning process ends. On the
other hand, the number of optimal neurons required for each layer is not known beforehand, and it is
usually determined by trial and error. The constructive approach is used to overcome this problem.
This method finds the smallest network that can provide the required performance, and is suitable
for passing local responses (or local minima); however, it is time consuming [55]. Empirical research
has been performed to determine the optimal number of neurons [56]. A summary of this research
is presented in Table 3. The results of this table can be used to determine the range of changes in the
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number of the optimal neurons, and also is a limit for the interval of trial and error. As can be seen, the
number of neuron in the hidden layer range from 2 to 39. The network’s MSE value is computed for
each number of neurons in the hidden layer, while other parameters are kept constant.

Table 3. A survey on number of the hidden neurons.

Reference Criteria for Neuron of Hidden Layer SPSW RCSW
Hecht-Nielsen [57] <2N; <24 <26
Hush [58] 3N; 36 39
Ripley [59] BN, 6.5 7
Gallant and Gallant [60]  2N; 24 26
Wang [61] e 8 8.6
Masters [62] VN + N, 3.6 3.7
Paola [63] NoNit0.5 N (No + )1 13 13
Li et al. [64] (@) 2 29 3.1
Tamura and Tateishi [65] N;+1 13 14
Lai and Serra [66] N; 12 13
Nagendra [67] N; + N, 13 14
Gencay [68] In(N;) 2.4 2.5
Chris Wong et al. [69] w 6.5 7
Heaton [70] 2 4 N, 9 9.6
Zhang et al. [71] % +1 14.6 3
Huang [72] (N, +2)N; +2 (NNiz) 10 10.4
Ke and Liu [73] N; ++vN 29 76
Trenn [74] (N,+2¢+1) 6 6.5
Shibata and Ikeda [75] N, N; 34 3.6
Hunter et al. [76] N;+1 13 14
Sheela and Deepa [77] 41\1;;2j83 4.2 42

Figure 2 shows the performance of the network based on MSE for train and test data as a function

of number of neurons. Each ANN model (with particular number of neurons) was iterated 10 times
and its mean was used to increase the accuracy of the model. The mean errors for each neuron is also
summarized in Table 4. The best performance among the train and test data for SPSW belonged to the
network with 6 neurons, i.e., ANN 12-6-1, where the first, second and third digits are the number of
input nodes, hidden neurons, and output nodes, respectively. On the other hand, ANN 13-10-1 had

the best performance for RCSW.
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Figure 2. The network’s neuron-dependent MSE. (a) SPSW; train data, (b) SPSW; test data, (c) RCSW;

train data, (d) RCSW; test data.

Table 4. Mean MSE for train and test data as a function of number of neurons.

SPWS RCSW
Neurons Train Test Train Test
Data Data Data Data
4 0.0262 0.0113 0.0029 0.0078
5 0.0316 0.0180 0.0019 0.0109
6 0.0102 0.0082 0.0029 0.0257
7 0.0259 0.0285 0.0038 0.0092
8 0.0195 0.0187 0.0036 0.0112
9 0.0200 0.0070 0.0035 0.0153
10 0.0167 0.0107 0.0012 0.0074
11 0.0217 0.0149 0.0023 0.0069
12 0.0185 0.0063 0.0019 0.0064
13 0.0188 0.0061 0.0034 0.0052
14 0.0135 0.0156 0.0018 0.0066
15 0.0253 0.0164 0.0011 0.0070
16 0.0545 0.0208 0.0016 0.0081
17 0.0169 0.0087 0.0029 0.0061
18 0.0303 0.0117 0.0041 0.0074
19 0.0256 0.0273 0.0019 0.0113
20 0.0230 0.0159 0.0009 0.0099
21 0.0473 0.0242 0.0016 0.0042
22 0.0380 0.0380 0.0019 0.0159
23 0.0380 0.0270 0.0041 0.0079
24 0.0220 0.0053 0.0010 0.0206
25 0.0380 0.0120 0.0014 0.0132
26 0.0410 0.0160 0.0038 0.0122
27 0.0210 0.0130 0.0009 0.0237
28 0.0535 0.0648 0.0022 0.0113
29 0.0251 0.0229 0.0033 0.0055
30 0.0459 0.0254 0.0019 0.0076
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5.2. Performance of the Network

Once the network is trained, it can be used to define the complex relationship among the input
parameters, and to predict the output for any new SW model. Generalization means estimating the
value on the hyper-surface where there are no available data. Mathematically, the learning process is a
nonlinear curve-fitting algorithm, while generalization is the interpolation and extrapolation of the
input data [47]. The ability of a network to generate new outputs depends on the number of parameters
involved in the problem, the complexity of the parameters, and the structure of the network.

The neural network is constructed based on the number of neurons obtained from previous
section. Figure 3 shows the architecture of the proposed networks for both SWs. In this paper, two
MLPs are used to estimate the load bearing capacity, stiffness, and drift ratio of the SPSWs and RCSWs.

Hidden [~
Layer |

oupnt @
(b)

Figure 3. Proposed ANN models for shear walls. (a) SPSW, (b) RCSW.

Overall, 70% of data were used for training, 15% for validation, and 15% for testing. The validation
and test data monitor the network over-training and performance, respectively. Performance of the
network is shown in Figure 4. It states that the network has specific MSE for nth epoch, and there is no
un-convergence or over-fitting.
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Figure 4. Performance function of the proposed network. (a) SPSW; Stiffness, (b) SPSW; Strength,

(c) RCSW; Strength, (d)

RCSW; Stiffness, (e) RCSW; Drift.

Furthermore, Figure 5 illustrates the quality of the estimation as a function of coefficient of
determination, R2, in both SPSW and RCSW models. Finally, the MSE values for these data are
summarized in Table 5. The proper performance of the network is evident in the estimation of the
strength, stiffness and drift ratio of SWs. Therefore, the proposed network can learn the relation
between the input and output parameters, and provide the results with appropriate accuracy. Finally,
the true values of the strength, stiffness and drift ratio from experimental data and the predictive
ANN-based meta-model are compared in Figure 6.
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Figure 5. Regression values for the proposed ANN meta-model. (a) SPSW; Strength, (b) SPSW; Stiffness,
(c) RCSW; Strength, (d) RCSW; Stiffness, (e) RCSW; Drift ratio.

Table 5. MSE values for training, validation and test data.

Output Train Validation Test
Strength of SPSW  2.49 x10~* 0.0046 2.28 x10~*
Stiffness of SPSW ~ 1.64 x107° 0.0043 0.0108
Strength of RCSW 0.00743 0.0034 0.00123
Stiffness of RCSW  6.45 x10~* 0.0038 0.0061

Drift ratio of RCSW 0.0069 0.0059 0.0056
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Figure 6. Comparison of measured experiments and predicted ANN meta-model; Note: sorted in
ascending order based on experimental data. (a) SPSW; Strength, (b) SPSW; Stiffness, (¢) RCSW;
Strength, (d) RCSW; Stiffness, (e) RCSW; Drift.

Thus far, a detailed performance is discussed with respect to MSE. However, one may evaluate
the predictive meta-models using other statistical indicators such as root mean square error (RMSE),
Nash-Sutcliffe efficiency (NSE) coefficient, mean absolute error (MAE), and correlation coefficient (R).
These metrics can be computed using Equation (2).

VS TN

N (y—7)? 2
100 « |y — 7 Y@ -9y —9)
MAE = — Y [ ¢ R = _
NZ’ y ’ VEG - 9)?VEWy - )?

Table 6 compares these metrics (including MSE) based on all data points obtained from the
networks. As seen, there is a good consistency among those five metrics for five meta-models.
For example, higher R corresponds with lower RMSE.



Appl. Sci. 2019, 9, 2562 12 0f 33

Table 6. Comparison of five statistical indicators to evaluate the accuracy of meta-models.

MSE RMSE NSE MAE R

P;SPSW  0.0014 0.0374 0.9796 0.0224 0.9939
K;SPSW  0.0024 0.0489 0.9632 0.022 0.9824
P;RCSW  0.0015 0.0389 0.9375 0.0255 0.9622
K; RCSW  0.0028 0.0534 0.79  0.0278 0.8992
D; RCSW 0.0067 0.082 0.7277 0.0585 0.8479

5.3. Sensitivity Analysis

To evaluate the relative importance of the parameters in the network, the Garson’s factor was
used [78]. The equation provided for the network with a hidden layer is:

L Wij
L U .
N L Wij
s S = V;
£ (o g )

where YN wy; is the sum of the connection weights between the N input neurons and the hidden
neuron j, and vj is connection weight between the hidden neuron j and the output neuron k [79].

Sensitivity of each parameter is then presented in Figure 7. The first (and the most important)
observation is that nearly all the parameters are contributing effectively in the overall performance of
the SWs. Among them, the column’s moment of inertia and ultimate stress of the infill plate have most
dominant effects. Strength and lateral stiffness of a SPSW depend on the development of diagonal
tension field in the infill plate. To develop a uniform diagonal tension field, the boundary elements
should have enough flexural stiffness to anchor the tension field [80]. As a result, the flexural stiffness
of the boundary elements will have the greatest impact on the load bearing capacity (as seen in this
figure). Due to the yielding of the infill plate during loading, its ultimate stress also affects the behavior
of the SPSW. Moreover, the thickness and width of the infill plate have significant contribution in the
strength. Therefore, the proposed ANN can accurately estimate the behavior of SPSWs. On the other
hand, the most important parameters affecting the strength, stiffness and drift ratio of RCSWs are
the wall’s length (effectiveness = 17.8%), the wall’s height (effectiveness = 14.6%), and the horizontal
column’s reinforcement ratio (effectiveness = 10.3%).
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Figure 7. Relative importance of the input parameters in shear wall meta-model. (a) SPSW, (b) RCSW.

6. Conclusions

Understanding the complex behavior of the shear walls through their effective parameters can help
to properly determine the lateral response of the structures. In this paper, an efficient computational
method was proposed to estimate the strength, stiffness, and drift ratio of the steel plate and reinforced
concrete shear walls from a rich library of experimental data. Over 100 papers and reports were
synthesized and the available information were extracted. The parameters were mainly related to the
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geometry of the shear walls (such as height, width and thickness of the plate and its surrendering
frame), as well as the applied loads, and the material properties. On the other hand, the output
was only considered the global behavior of the system (in terms of the stiffness, strength and drift).
One may notice that the reinforcement detailing, collapse modes, and buckling parameters were
not considered in this meta-modeling. The main reason can be attributed to unavailability of those
information in majority of cases. In addition, the failure mode and crack pattern had more qualitative
nature, and it was difficult (if not impossible) to present them in a quantitative format (using damage
index concept). An artificial neural network was proposed to solve the problem. In this network, the
back propagation algorithm was adopted. The network of a single hidden layer with 6 and 10 neurons
would have the best performance for SPSW and RCSW, respectively. The major conclusions can be
summarized as follows:

o  The MSE of test data to estimate the strength and stiffness of the SPSW was 0.000227 and 0.0108,
respectively, which indicate the proper performance of the network.

e  The MSE of test data in RCSW was 0.0012, 0.0061, and 0.0056 for strength, stiffness and drift
ratio, respectively.

e  Sensitivity analysis was performed to determine the relative importance of the input parameters
on the shear wall’s behavior. It was observed that the stiffness of the vertical boundary elements
and the ultimate stresses of the infill plate had largest effect on the strength and stiffness of the
SPSW, respectively.

e  On the other hand, the most important parameters affecting the strength, stiffness and drift
ratio of RCSWs were wall’s length, wall’s height, and the horizontal column’s reinforcement
ratio, respectively.

e  The performance of the network based on different statistical indicators was also found to be
very close.

Finally, the detailed values of the ANN weights are provided (see Appendix B). The proposed
network can be used to design new walls, retrofit the existing ones, and validate the finite element
models. In design level, the proposed network can provide an estimation of the ultimate strength and
stiffness values, which can be further correlated with codified values. This is beyond the conventional
design philosophy, which is based on linear elastic models. On the other hand, the performance of
existing shear walls can be controlled with this meta-model to make sure they have a safe/proper
behavior under the target loads, and, if not, they can be retrofitted.
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Appendix A. Details of Shear Wall Library
Table A1. Library of steel plate shear walls information.
Reference hf bf Ac Ic Ab Ib hp bp tp Fyp Fup Ep P K
mm mm mm? mm? mm? mm* mm mm mm Pa Pa Pa N N/mm
Sigariyazd et al. [81] 1100 1400 7.05 x10® 3.86 x107 4.10 x103 1.13 x107 1020 1200 150 2.22 x108 3.15 x108 2.00 x10"  7.15 x10° 9.63 x10*
Shekastehband et al. [82] 620 620 3.40 x10° 8.64 x10° 340 x10® 864 x105 500 460 050 138 x10% 2.81 x108 2.00 x10'1 1.15 x10* 2.38 x10°
Shekastehband et al. [82] 620 620 3.40 x10° 8.64 x10° 340 x10® 864 x105 500 460 125 1.82 x10%® 328 x108 2.00 x1011 313 x10* 4.69 x10°
Berman et al. [83] 1830 3660 1.82 x10* 3.47 x10% 1.63 x10* 6.37 x108 1350 3340 1.00 2.15x10% 4.66 x10® 1.60 x1011 3.64 x10° 1.06 x10°
Yu et al. [84] 1250 1350 5.12 x10% 2.88 x107 272 x10°® 1.84 x107 1050 1180 5.00 3.15 x108 4.78 x10® 2.00 x10  7.08 x10° 2.98 x10*
Choi and Park [85] 1075 1650 9.90 x10® 553 x107 5.80 x10°® 3.25 x107 1000 1500 4.00 2.40 x10% 4.00 x10® 2.00 x10'  1.39 x10° 7.00 x10*
Choi and Park [85] 1075 2350 9.90 x10% 553 x107 5.80 x10°® 3.25 x107 1000 2200 4.00 2.40 x10% 4.00 x10® 2.00 x10'  1.82 x10° 1.07 x10°
Choi and Park [85] 1075 2350 7.20 x10% 240 x107 5.80 x10® 3.25 x107 1000 2200 4.00 2.40 x10% 4.00 x10® 2.00 x10 1.57 x10° 1.03 x10°
Wang et al. [86] 1100 2050 9.40 x10% 7.5 x107 6.35 x103 4.72 x107 1000 1800 6.00 4.18 x108 5.63 x108 1.98 x10'1  1.66 x10° 1.07 x10°
Wang et al. [86] 1100 2400 8.10 x10% 9.77 x107 6.35 x10® 4.72 x107 1000 2160 6.00 4.18 x108 5.63 x108 1.98 x1011  1.55 x10° 9.25 x10*
Wang et al. [86] 1100 2400 8.10 x10% 9.77 x107 6.35 x10°> 4.72 x107 1000 2400 6.00 418 x10% 5.63 x108 1.98 x10'" 1.64 x10° 7.87 x10*
Sabouri-Ghomi and Sajjadi [87] 1105 1500 540 x10° 634 x10° 1.06 x10* 1.28 x108 960 1410 2.00 192 x10% 2.77 x10® 2.00 x10' 5.74 x10° 1.81 x10°
Chen and Jhang [88] 1500 1500 8.34 x10° 1.33 x107 834 x10® 1.33 x107 1200 1200 15.00 854 x107 258 x10% 1.75 x10  1.35 x10° N.A.
Chen and Jhang [88] 1500 1500 8.34 x10° 1.33 x107 834 x10® 1.33 x107 1200 1200 8.00 9.28 x107 2.72 x10® 1.75 x10  5.59 x10° N.A.
Nateghi-Alahi and Khazaei-Poul [89] 500 500 2.70 x10® 4.12 x10° 270 x10° 4.12 x10° 380 3800 090 197 x10% 323 x108 2.04 x10"" 826 x10* 2.62 x10*
Caccese et al. [90] 838 1245 248 x10° 470 x10° 1.08 x10® 1.05 x10° 762 1140 0.76 3.06 x10% 347 x108 1.75 x1011 1.69 x10° 1.42 x10*
Caccese et al. [90] 1245 2477 470 x10° 1.08 x10° 1.05 x10° 7.62 x102 1140 1140 190 291 x10% 3.15 x10® 1.75 x10 3.34 x10° 2.01 x10*
Caccese et al. [90] 1245 2477 470 x10° 1.08 x103 1.05 x10° 7.62 x102 1140 1140 2.66 295 x10% 4.04 x10® 1.75 x101 3.78 x10° 2.66 x10*
Alavi and Nateghi [91] 1366 1960 543 x10° 249 x107 543 x10® 249 x107 1102 1720 0.80 2.80 x108 5.00 x10® 2.04 x101 7.65 x10° 1.52 x10*
Park et al. [92] 1100 2250 1.50 x10* 2.09 x10% 9.60 x10°® 855 x107 1500 1000 2.00 2.40 x10% 4.00 x10® 1.49 x10'" 1.72 x10° 8.70 x10*
Park et al. [92] 1100 2250 1.50 x10* 2.09 x10% 9.60 x10° 855 x107 1500 1000 4.00 3.30 x10% 4.90 x10® 1.49 x101 253 x10° 1.11 x10°
Park et al. [92] 1100 2250 1.50 x10* 2.09 x108 9.60 x10° 855 x107 1500 1000 6.00 3.30 x108 4.90 x108 1.49 x10'1  3.02 x10° 1.24 x10°
Park et al. [92] 1100 2250 8.25x10% 1.15 x10% 9.60 x10® 855 x107 1500 1000 4.00 3.30 x10% 4.90 x10® 1.49 x10 153 x10° 9.30 x10*
Park et al. [92] 1100 2250 8.25x10% 1.15 x10% 9.60 x10® 855 x107 1500 1000 6.00 3.30 x108 4.90 x10® 1.49 x10 1.68 x10° 1.01 x10°
Lubell et al. [93] 900 900 1.07 x10° 1.04 x10° 1.07 x10® 1.04 x10° 800 800 150 3.20 x108 N.A. N.A. 2.66 x10°  3.80 x10*
Roberts and Sabouri-Ghomi [94] 370 370 N.A. N.A. N.A. N.A. 300 300 0.83 219 x108 328 x108 202 x10'1  5.17 x10* N.A.
Roberts and Sabouri-Ghomi [94] 370 370 N.A. N.A. N.A. N.A. 300 300 123 152x10% 228 x10° 2.03 x101 6.83 x10* N.A.
Roberts and Sabouri-Ghomi [94] 370 370 N.A. N.A. N.A. N.A. 300 450 0.83 219 x10% 328 x10® 2.02 x101  6.25 x10* N.A.
Roberts and Sabouri-Ghomi [94] 370 370 N.A. N.A. N.A. N.A. 300 450 123 152 x10% 228 x10° 2.03 x101  7.52 x10* N.A.
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Table A2. Library of reinforced concrete shear walls information.
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Reference AL ac bc Poc Phe Fyc hw Iw tw  pow  Pnw Fyw  Fow P K D
kKN mm mm % % MPa mm mm mm % % MPa MPa kN kN/mm %

Carrillo et al. [95] 60 102 102 0.670 0.420 4340 2426 2402 102 0.140 0.140 4470 18.80 408.0 N.A. 2.01
Carrillo et al. [95] 60 101 101 0980 0.420 430.0 2426 2402 101 0.280 0.280 447.0 18.80 617.0 N.A. 1.71
Carrillo et al. [95] 60 102 102 0.680 0.420 434.0 2423 2399 102 0.140 0.140 447.0 1750 3520 N.A. 1.03
Carrillo et al. [95] 60 101 101 0980 0.420 430.0 2421 2397 101 0280 0.280 447.0 1750 453.0 N.A. 1.72
Carrillo et al. [95] 60 100 100 0.220 0.430 443.0 2430 5400 100 0.280 0.280 4470 1620 766.0 N.A. 1.05
Carrillo et al. [95] 60 103 103 0220 0410 456.0 2430 5396 103 0.120 0.120 605.0 20.00 776.0 N.A. 0.45
Carrillo et al. [95] 60 103 103 0.720 0.420 4430 2422 2398 103 0.120 0.120 605.0 20.00 329.0 N.A. 0.54
Carrillo et al. [95] 60 101 101 0960 0.420 4430 2478 1239 101 0.120 0.120 605.0 20.00 154.0 N.A. 0.68
Carrillo et al. [95] 60 83 83 0.780 0430 411.0 1916 1916 83 0.110 0.110 630.0 24.70 234.0 68.6 0.54
Carrillo et al. [95] 60 84 84 1.020 0.420 411.0 1921 1921 84 0260 0.260 435.0 2470 274.0 72 1.51
Yuan et al. [96] 1527 200 200 0370 0.800 473.0 2360 1280 200 0.390 0.330 544.0 4590 656.0 N.A. 1.14
Yuan et al. [96] 1527 200 200 0370 0.800 473.0 2360 1280 200 0.710 0.710 544.0 4590 740.0 N.A. 1.15
Shiga et al. [97] 0 150 120 0.049 0.089 3900 600 1000 50 0.250 0.250 300.0 16.00 177.0 N.A. 2.40
Shiga et al. [97] 0 150 120 0.049 0.089 3900 600 1000 50 0.250 0.250 300.0 16.00 188.0 N.A. 2.40
Shiga et al. [97] 0 150 120 0.049 0.089 3900 600 1000 50 0250 0.250 300.0 16.00 211.0 N.A. 2.40
Shiga et al. [97] 0 150 120 0.049 0.089 3900 600 1000 50 0.250 0.250 300.0 16.00 231.0 N.A. 4.28
Shiga et al. [97] 200 150 120 0.049 0.089 390.0 600 1000 50 0.250 0.250 300.0 16.00 341.0 N.A. 4.28
Shiga et al. [97] 0 150 120 0.049 0.089 3900 600 1000 50 0500 0.500 300.0 16.00 240.0 N.A. 2.34
Shiga et al. [97] 200 150 120 0.049 0.089 390.0 600 1000 50 0500 0.500 300.0 16.00 310.0 N.A. 2.32
Shiga et al. [97] 400 150 120 0.049 0.089 3900 600 1000 50 0.500 0.500 300.0 16.00 287.0 N.A. 2.40
Greifenhagen and Lestuzzi [98] 136 100 100 0.300 0.300 504.0 610 1000 100 0.300 0.300 5040 50.70 204.0 333 3.50
Greifenhagen and Lestuzzi [98] 136 100 100 0.300 0.000 504.0 610 1000 100 0.300 0.000 504.0 51.00 203.0 111 2.50
Greifenhagen and Lestuzzi [98] 136 80 80 0.300 0.300 745.0 610 900 80 0.300 0.300 745.0 20.10 176.0 108 1.70
Greifenhagen and Lestuzzi [98] 136 80 80 0.300 0.300 745.0 610 900 80 0.300 0.300 745.0 2440 135.0 125 2.00
Looi et al. [99] 220 80 80 2.000 1.400 601.0 800 800 80 2.000 1.400 601.0 29.10 2525 170 1.11
Looi et al. [99] 380 80 80 2.000 1.400 601.0 800 800 80 2.000 1.400 601.0 26.40 245.0 160 1.03
Looi et al. [99] 680 80 80 2.000 1.400 601.0 800 800 80 2.000 1.400 601.0 27.60 2493 171 0.63
Looi et al. [99] 780 80 80 2.000 1.400 601.0 800 800 80 2.000 1.400 601.0 28.00 250.9 200 0.47
Lopes [100] 96 45 115 4120 0.800 436.0 495 450 45 0.620 0400 414.0 4500 108.3 14.4 2.12
Lopes [100] 70 45 115 4120 5.000 436.0 495 450 45  0.620 2.800 414.0 4450 80.3 19.6 1.65
Lopes [100] 80 45 115 4120 4.000 436.0 495 450 45 0.620 2.000 4140 4510 83.6 17.5 2.52
Yanez et al. [101] 0 120 120 0500 0.400 475.0 2300 2000 120 0500 0.400 475.0 34.00 287.0 37.5 6.20
Bouchon et al. [102] 150 180 100 2500 0.070 565.0 750 1500 100 0.300 0.300 585.0 31.70 550.0 N.A. N.A.
Bouchon et al. [102] 150 180 100 2,500 0.070 565.0 750 1500 100 0.500 0.500 615.0 36.40 645.0 N.A. N.A.
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Reference AL ac bc Poc Phe Fyc hw Iw tw  pow  Phw  Fyw Few P K D
kKN mm mm % % MPa mm mm mm % % MPa MPa kN kN/mm %

Bouchon et al. [102] 150 180 100 2,500 0.070 565.0 750 1500 100 0.800 0.800 620.0 28.60 853.0 N.A. N.A.
Tasnimi [103] 0 50 80 2.800 0.250 276.0 1500 500 50 0250 0250 216.0 2l6cy 154 3.29 1.10
Tasnimi [103] 0 50 80 2.800 0.250 276.0 1500 500 50 0.250 0.250 216.0 21.60 19.6 4.5 0.75
Tasnimi [103] 0 50 80 2800 0.250 276.0 1500 500 50 0.250 0.250 216.0 22.45 17.5 41 1.03
Tasnimi [103] 0 50 80 2.800 0.250 276.0 1500 500 50 0.250 0.250 216.0 23.45 19.8 3.5 0.90
Lefas et al. [104] 0 70 140 3.100 1.200 470.0 750 750 70 2400 1.100 470.0 523Cu 260.0 102.9 1.10
Lefas et al. [104] 230 70 140 3.100 1.200 470.0 750 750 70 2400 1.100 470.0 53.60 340.0 173 1.18
Lefas et al. [104] 355 70 140 3.100 1.200 470.0 750 750 70 2400 1.100 470.0 40.60 330.0 135.1 1.18
Lefas et al. [104] 0 70 140 3.100 1.200 470.0 750 750 70 2400 1.100 470.0 42.10 265.0 102.9 1.49
Lefas et al. [104] 185 70 140 3.100 1.200 470.0 750 750 70 2400 1.100 470.0 43.30 320.0 166.6 1.07
Lefas et al. [104] 460 70 140 3.100 1.200 470.0 750 750 70 2400 1.100 470.0 51.70 355.0 200 0.77
Lefas et al. [104] 0 70 140 3.100 1.200 470.0 750 750 70 2400 0.370 470.0 48.30 247.0 65.7 1.43
Lefas et al. [104] 0 65 140 3.300 0.900 470.0 1300 650 65 2500 0.800 470.0 42.80 127.0 31.25 1.58
Lefas et al. [104] 182 65 140 3.300 0900 470.0 1300 650 65 2500 0.800 470.0 50.60 150.0 35.9 1.17
Lefas et al. [104] 343 65 140 3.300 0900 470.0 1300 650 65 2500 0.800 470.0 47.80 180.0 38.4 1.01
Lefas et al. [104] 0 65 140 3.300 0900 470.0 1300 650 65 2500 0.800 470.0 48.30 120.0 34.4 1.39
Lefas et al. [104] 325 65 140 3.300 0900 470.0 1300 650 65 2500 0.800 470.0 45.00 150.0 62.5 0.73
Lefas et al. [104] 0 65 140 3300 0900 470.0 1300 650 65 2500 0.400 470.0 30.10 123.0 25.6 1.61
Lefas and Kotsovos [105] 0 65 140 3.300 0.900 470.0 1300 650 65 1500 0.350 470.0 30.10 117.7 114 1.61
Lefas and Kotsovos [105] 0 65 140 3.300 0900 470.0 1300 650 65 1.500 0.350 470.0 35.20 115.8 11.42 1.70
Lefas and Kotsovos [105] 0 65 140 3300 0900 470.0 1300 650 65 1.500 0.350 470.0 53.60 111.0 8 1.88
Lefas and Kotsovos [105] 0 65 140 3.300 0.900 470.0 1300 650 65 1.500 0.350 470.0 49.20 111.5 10 1.92
Pilakoutas and Elnashai [106] 0 110 60 2830 0.780 500.0 1200 600 60 0.310 0.390 550.0 36.90 104.0 19.3 2.00
Pilakoutas and Elnashai [106] 0 60 60 3.020 0.170 540.0 1200 600 60 0470 0.310 550.0 31.80 117.3 21.7 0.80
Pilakoutas and Elnashai [106] 0 110 60 2830 0.170 500.0 1200 600 60 0.310 0.310 550.0 38.60 107.8 20 1.83
Pilakoutas and Elnashai [106] 0 60 60 3.020 0.780 540.0 1200 600 60 0470 0.390 550.0 32.00 127.3 21.3 1.83
Pilakoutas and Elnashai [106] 0 110 60 2930 0.410 540.0 1200 600 60 0.310 0.310 550.0 45.80 95.3 18.6 2.16
Pilakoutas and Elnashai [106] 0 110 60 2930 0.450 540.0 1200 600 60 0.310 0.310 550.0 38.90 97.4 18.7 2.16
Gupta and Rangan [107] 0 375 100 1.250 0.150 545.0 1000 1000 75 1.000 0.500 545.0 79.30 427.8 N.A. N.A.
Gupta and Rangan [107] 610 375 100 1.730 0.150 545.0 1000 1000 75 1.000 0.500 545.0 65.10 719.6 N.A. N.A.
Gupta and Rangan [107] 1230 375 100 2.140 0.150 5450 1000 1000 75 1.000 0.500 545.0 69.00 850.7 N.A. N.A.
Gupta and Rangan [107] 0 375 100 1.840 0.150 533.2 1000 1000 75 1500 0.500 533.2 75.20 600.0 N.A. N.A.
Gupta and Rangan [107] 610 375 100 2260 0.150 5332 1000 1000 75 1500 0.500 533.2 73.10 790.2 N.A. N.A.
Gupta and Rangan [107] 1230 375 100 2490 0.150 5332 1000 1000 75 1500 0.500 533.2 70.50 970.0 N.A. N.A.
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Gupta and Rangan [107] 610 375 100 1.730 0.150 5450 1000 1000 75 1.000 1.000 545.0 71.20 800.0 N.A. N.A.
Gupta and Rangan [107] 310 375 100 0.630 0.150 5450 1000 1000 75 1.000 0.500 545.0 60.50 486.6 N.A. N.A.
Mickleborough et al. [108] 357 0 0 0.000 0.000 0.0 1500 750 125 1170 0390 460.0 44.70 156.0 70.52 0.43
Mickleborough et al. [108] 493 0 0 0.000 0.000 0.0 1500 750 125 1.170 0.390 460.0 56.00 235.0 56.55 0.66
Mickleborough et al. [108] 334 0 0 0.000 0.000 0.0 1125 750 125 1170 0390 460.0 2950 217.0 105.81 0.45
Mickleborough et al. [108] 486 0 0 0.000 0.000 0.0 1125 750 125 1170 0390 460.0 5730 289.0 173.61 0.43
Mickleborough et al. [108] 360 0 0 0.000 0.000 0.0 750 750 125 1.170 0.390 460.0 57.30 420.0 269.2 0.54
Mickleborough et al. [108] 477 0 0 0.000 0.000 0.0 750 750 125 1170 0390 460.0 29.50 400.0 284 0.93
Sittipunt et al. [109] 0 250 250 2290 0540 473.0 1900 1000 100 0.390 0.520 450.0 36.60 491.0 137.8 2.90
Sittipunt et al. [109] 0 250 250 2290 0540 473.0 1900 1000 100 0.520 0.790 450.0 35.80 608.0 185 2.80
Zhang and Wang [110] 500 100 100 0.009 0.010 4050 1500 700 100  0.007 0.010 405.0 36.80 201.2 49.79 2.08
Zhang and Wang [110] 784 100 100 0.007 0.010 4320 1500 700 100 0.007 0.010 4320 4020 224.0 54 1.59
Zhang and Wang [110] 595 100 100 0.018 0.010 3750 1500 700 100 0.007 0.010 375.0 43.10 303.5 52.14 2.10
Adebar et al. [111] 1500 380 203 0.670 1.700 455.0 11760 1625 127 0.270 0.270 455.0 49.00 160.0 42 2.39
Terzioglu et al. [112] 0 120 250 5150 0.680 440.0 750 1500 120 0.680 0.680 481.0 19.30 799.0 338 1.20
Terzioglu et al. [112] 0 120 250 5150 0.680 4400 750 1500 120 0.680 0.680 481.0 25.80 666.0 282 1.20
Terzioglu et al. [112] 0 120 250 5150 0.680 473.0 750 1500 120 0.680 0.680 584.0 29.00 813.0 506.6 1.20
Terzioglu et al. [112] 0 120 250 5150 0.680 5840 750 1500 120 0.680 0.680 584.0 3210 383.0 340 1.20
Terzioglu et al. [112] 0 120 250 5150 0.680 519.0 500 1500 120 0.680 0.680 584.0 34.80 874.0 1440 1.40
Terzioglu et al. [112] 0 120 250 5150 0.340 528.0 1500 1500 120 0.680 0.340 584.0 35.00 710.0 226 1.60
Terzioglu et al. [112] 0 120 250 5150 0.680 528.0 1500 1500 120 0.680 0.680 584.0 22.60 735.0 186 1.40
Terzioglu et al. [112] 0 120 90 5150 0.340 473.0 750 1500 120 0.340 0.340 584.0 24.00 563.0 426.6 1.20
Terzioglu et al. [112] 240 120 90 5150 0.340 473.0 750 1500 120 0.340 0.340 5840 2630 789.0 800 1.20
Terzioglu et al. [112] 480 120 90 5150 0340 473.0 750 1500 120 0.340 0.340 5840 27.00 793.0 73333 1.20
Terzioglu et al. [112] 0 120 90 5150 0.340 440.0 750 1500 120 0.340 0.340 481.0 23.70 635.0 480 1.20
Abdulridha and Palermo [113] 0 160 150 1.300 1.700 410.0 2200 1000 150 0.880 0.880 425.0 30.50 156.0 12.34 3.20
Qazi et al. [114] 110 0 0 0.300 0200 500.0 610 900 80 0.300 0200 500.0 35.00 138.0 37.93 1.21
Christidis and Trezos [115] 0 0 0 14330 6.690 588.0 1400 750 125 14330 6.690 588.0 31.12 203.0 16.8 3.70
Christidis and Trezos [115] 0 0 0 12.060 2.010 580.0 1400 750 125 12.060 2.010 580.0 31.12 177.0 11.69 3.60
Christidis and Trezos [115] 0 0 0 12.060 1.130 580.0 1400 750 125 12.060 1.130 580.0 31.12 1733 15.7 3.60
Christidis and Trezos [115] 0 0 0 12.060 1.130 580.0 1400 750 125 12.060 1.130 580.0 25.37 157.6 14.08 2.14
Wang et al. [116] 1800 0 0 0.310 0310 3478 2000 1000 125 0.310 0.310 347.8 28.76 233.0 31.38 0.50
Wang et al. [116] 1438 0 0 0.310 0310 3478 2000 1000 125 0.310 0.310 347.8 2876 2120 32.54 0.70
Wang et al. [116] 2978 0 0 0.190 0.190 3478 2000 1000 200 0.190 0.190 347.8 49.64 371.0 49.16 1.25
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kKN mm mm % % MPa mm mm mm % % MPa MPa kN kN/mm Y%
Renetal. [117] 1400 180 180 3.140 0310 432.0 1700 925 180 0.220 0.620 312.0 4430 549.0 83.7 2.59
Hariri-Ardebili and Saouma [19] 800 200 120 2.100 0.670 430.0 750 1300 100 0.800 0.770 430.0 79.00 1180.0 500 0.94
Le Nguyen et al. [118] 110 0 0 0.160 0.130 500.0 610 900 80 0.160 0.130 500.0 3593 158.0 153 0.98
Le Nguyen et al. [118] 20 0 0 0.180 0.100 500.0 1500 600 80 0.180 0.100 500.0 34.65 25.0 20.6 0.86
Choi [119] 300 200 200 1.420 1300 400.0 950 1500 100 0460 0.530 400.0 37.26 610.0 104.8 1.70
Choi [119] 300 200 200 1.420 1300 400.0 950 1500 100 0.870 0.480 400.0 4191 695.0 109.6 1.89
Choi [119] 300 200 200 1420 1300 400.0 950 1500 100 0460 1.850 400.0 40.34 620.0 1171 1.57
Choi [119] 300 200 200 1.420 1300 400.0 950 1500 100 0460 1.850 400.0 40.34 650.0 91.62 1.78

Cortés-Puentes and Palermo [120] 0 0 0 0.180 0.210 495.0 2000 2000 100 0.180 0.210 495.0 2250 145.0 24.2 1.85
Cortés-Puentes and Palermo [121] 0 0 0 0.180 0.210 495.0 2000 2000 100 0.180 0.210 495.0 9.50 117.0 25.7 2.00
Cortés-Puentes and Palermo [122] 0 225 225 1.000 0.510 495.0 2000 1550 125 0.180 0.200 495.0 20.00 243.0 105.3 1.50

Qiao et al. [123] 100 160 160 0.785 0220 3382 850 1000 160 0.250 0.120 535.8 26.48 3383 794 293
Blandon et al. [124] 470 350 100 1.000 0.140 419.0 2400 2500 100 0.270 0.270 419.0 3910 323.7 203.4 0.80
Blandon et al. [124] 470 350 100 1.000 0.140 419.0 2400 2500 100 0.260 0.260 419.0 40.10 320.0 61.73 1.20
Blandon et al. [124] 470 350 100 1.780 0.140 419.0 2400 2500 100 0.270 0.270 419.0 39.20 3243 130 0.92
Christidis et al. [125] 0 0 0 1.200 0.110 580.0 1400 750 125 1.200 0.110 580.0 2537 157.6 14.08 2.20
Liao et al. [126] 300 170 170 2780 0.590 387.0 820 860 85 0550 0550 397.0 4920 636.0 1630 2.00
Liao et al. [126] 300 170 170 2780 0.590 3870 820 1320 85 0.550 0.550 397.0 49.20 852.0 794 1.28
Liao et al. [126] 600 170 170 2780 0.590 3870 820 1320 85 0550 0.550 397.0 49.20 966.0 564.6 1.12
Dazio et al. [127] 689 150 150 1.570 1.430 547.0 4030 2000 150 0.300 0.250 583.0 45.00 336.0 47.3 1.04
Dazio et al. [127] 691 150 150 1.570 1.590 583.0 4030 2000 150 0.300 0.250 484.0 40.50 359.0 64.9 1.38
Dazio et al. [127] 686 150 230 1.300 1.210 601.0 4030 2000 150 0.540 0.250 569.0 39.20 454.0 113 2.03
Dazio et al. [127] 695 0 0 0.000 0.000 576.0 4030 2000 150 0.540 0.250 583.0 4090 443.0 69 1.35
Dazio et al. [127] 1474 150 230 0.670 0390 576.0 4030 2000 150 0.270 0.250 583.0 3830 439.0 64.4 1.36
]

Dazio et al. [127
Zhi et al. [128

1476 150 355 1.540 0.820 576.0 3990 2000 150 0.540 0.250 583.0 45.60 597.0 87.9 2.07
600 200 38 1200 0.780 510.0 3450 1600 200 0.860 0.390 5050 41.20 482.0 224 2.23

]
Zhi et al. [128] 600 200 407 1130 1.200 510.0 3450 1600 200 0.860 0.390 5050 4210 448.0 229 2.05
Zhi et al. [128] 600 200 407 1.130 1.200 5100 3450 1600 200 0.860 0.390 5050 42.10 462.0 26.8 2.05
Zhi et al. [128] 600 200 407 1130 1.600 510.0 3450 1600 200 0.860 0.390 5050 4210 439.0 26.8 1.80
Zhi et al. [128] 600 200 407 1130 1.600 510.0 3450 1600 200 0.860 0.390 5050 4210 456.0 21.9 2.26
Zhi et al. [128] 600 200 407 1.130 1.600 5100 3450 1600 200 0.860 0.390 5050 42.10 462.0 21.3 1.80
Zhi et al. [128] 750 200 415 1940 1.200 510.0 3650 1700 200 1.150 0.390 5050 41.20 580.0 224 2.55
Zhi et al. [128] 750 200 415 1940 1.200 510.0 3650 1700 200 1.150 0.390 505.0 4210 605.0 23.4 2.62
Zhi et al. [128] 750 200 415 1940 1.200 5100 3650 1700 200 1.150 0.390 5050 42.10 598.0 17.2 3.03
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Shen et al. [129] 325 120 225 1740 0550 3350 1600 1000 120 0.600 0.550 235.0 31.00 272.7 14.75 2.50
Zhangetal. [130]  74.85 140 140 0.760 0.250 410.0 1050 1200 140 0.250 0.250 384.0 55.56 400.0 N.A. 2.20
Zhangetal. [130] 13473 140 140 0760 0.120 4250 80 1000 140 0.250 0.250 290.0 2276 N.A. N.A. N.A.
Zhang et al. [130]  67.36 140 140 0760 0.120 3020 80 1000 140 0.250 0.250 290.0 45.30 N.A. N.A. N.A.
Zhangetal. [130] 11227 140 140 1.000 0.180 3020 80 1000 140 0250 0.125 397.0 24.65 N.A. N.A. N.A.
Zhangetal. [130] 11227 140 140 1.000 0.180 302.0 80 1000 140 0.250 0.250 397.0 24.65 N.A. N.A. N.A.

[

[

[

Zhangetal. [130] 11227 140 140 1.000 0.180 3020 80 1000 140 0.150 0.150 397.0 24.65 N.A. N.A. N.A.
Zhangetal. [130] 11227 140 140 1.000 0.000 3020 80 1000 140 0.150 0.150 397.0 24.65 N.A. N.A. N.A.
Zhangetal. [130] 112.27 140 140 1.150 0.000 302.0 80 1000 140 0.150 0.150 397.0 24.65 N.A. N.A. N.A.
Zhangetal. [130] 11227 140 140 1410 0.180 3020 80 1000 140 0.150 0.150 397.0 24.65 N.A. N.A. N.A.
Hidalgo et al. [2] 0 N.A. N.A NA. NA NA. 2000 1000 120 0251 0.131 3920 1940 198.0 130 0.66
Hidalgo et al. [2] N.A. N.A. NA. NA. NA. 2000 1000 120 0.251 0246 4020 19.60 270.0 116.2 0.75
Hidalgo et al. [2] N.A. N.A. NA. NA. NA. 2000 1000 120 0.251 0.381 402.0 1950 324.0 79.9 0.75
Hidalgo et al. [2] N.A. N.A NA NA NA 180 1300 120 0.259 0.131 314.0 1760 309.0 240 0.44
Hidalgo et al. [2] N.A. NA. NA. NA. NA. 1800 1300 120 0.125 0246 471.0 1810 364.0 137 0.63
Hidalgo et al. [2] N.A. N.A. NA. NA. NA 1800 1300 120 0.259 0.246 471.0 1570 374.0 212.7 0.55
Hidalgo et al. [2] N.A. N.A NA NA NA 1800 1300 100 0.255 0255 366.0 17.60 258.0 59 0.54
Hidalgo et al. [2] N.A. N.A NA. NA NA 1800 1300 8 0250 0250 3670 16.40 187.0 64.44 0.46
Hidalgo et al. [2] N.A. N.A. NA. NA NA. 1400 1400 100 0.255 0.127 362.0 1630 235.0 218.57 0.35
Hidalgo et al. [2] N.A. N.A. NA NA NA 1400 1400 100 0.127 0255 366.0 17.00 304.0 123.21 0.50
Hidalgo et al. [2] N.A. N.A. NA. NA. NA. 1400 1400 100 0.255 0255 370.0 1810 289.0 205.71 0.35
Hidalgo et al. [2] N.A. N.A. NA NA NA 1200 1700 80 0250 0.125 366.0 17.10 255.0 239.58 0.25
Hidalgo et al. [2] N.A. N.A NA NA NA 1200 1700 8 0.125 0250 366.0 19.00 368.0 245 0.42
Hidalgo et al. [2] N.A. N.A. NA. NA. NA 1200 1700 80 0250 0250 366.0 18.80 362.0 169.44 0.37
Hidalgo et al. [2] N.A. N.A. NA. NA. NA 180 1300 100 0.000 0.000 0.0 2420 258.0 81.81 0.28
Hidalgo et al. [2] N.A. N.A NA. NA. NA 1800 1300 100 0.000 0.000 0.0 1720 2220 74.74 0.27
Hidalgo et al. [2] N.A. N.A. NA. NA. NA. 1800 1300 100 0.000 0250 431.0 2420 333.0 75.81 0.36
Hidalgo et al. [2] N.A. N.A. NA. NA. NA 1800 1300 100 0.250 0.000 431.0 2390 323.0 80.09 0.21
Hidalgo et al. [2] N.A. N.A NA. NA. NA 1400 1400 100 0.000 0.000 0.0 2390 352.0 105.35 0.60
Hidalgo et al. [2] N.A. N.A. NA. NA. NA. 1400 1400 100 0.000 0.000 0.0 17.70  262.0 90 0.46
Hidalgo et al. [2] N.A. N.A. NA. NA NA 1400 1400 100 0.000 0.250 431.0 2390 491.0 87.14 0.64
Hidalgo et al. [2] N.A. N.A. NA NA. NA 1400 1400 100 0.250 0.000 431.0 2330 2580 119.84 0.31
Hidalgo et al. [2] N.A. N.A NA. NA. NA. 1050 1500 80 0.000 0.000 0.0 2320 400.0 216.19 0.51
Hidalgo et al. [2] N.A. N.A. NA. NA. NA 1050 1500 80 0.000 0.000 0.0 1790 356.0 252.38 0.63
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Hidalgo et al. [2] 0 N.A. N.A. NA. NA NA. 1050 1500 80 0.000 0.250 431.0 2310 391.0 211.1 0.35
Hidalgo et al. [2] 0 N.A. N.A. NA. NA. NA. 1050 1500 80 0.250 0.000 431.0 2330 344.0 206.35 0.38
Jietal. [131] 617 180 280 5600 1500 349.0 1350 1500 180 0.580 0.370 3963 6290 960.2 86.3 1.90
Jietal. [131] 1030 180 280 5.600 1500 349.0 1350 1500 180 0.580 0.370 3963 63.40 8228 76.13 1.70
Jietal. [131] 1716 180 280 5600 1500 349.0 1350 1500 180 0.580 0.370 3963 63.60 567.5 81.83 1.80
Jietal. [131] 2553 180 280 5600 1.500 4783 1350 1500 180 0.580 0.370 465.0 56.70 460.0 93.14 3.40
Jietal. [131] 3192 180 280 5.600 1500 4783 1350 1500 180 0.580 0.370 465.0 5810 302.0 23.2 2.30
Jietal. [131] 0 180 280 5600 1.500 4783 1350 1500 180 0.580 0.370 465.0 55.40 1276.0 109.8 1.50
Mohamed et al. [132] 8232 200 140 0500 0.630 400.0 3550 1500 200 0.230 0.630 400.0 39.20 476.0 36.5 2.60
Mohamed et al. [132] 838 200 140 1430 0.890 1412.0 3550 1500 200 0.580 1.580 1412.0 3990 586.0 26.3 3.10
Mohamed et al. [132] 668.6 200 140 0.000 0.000 1412.0 3550 1200 200 0.620 0.000 1412.0 39.80 449.0 19 3.00
Mohamed et al. [132] 562.8 200 140 0.000 0.000 1412.0 3550 1000 200 0.590 0.000 1412.0 40.20 289.0 13.7 3.35
Quiroz et al. [133] 186 250 100 1.500 0.180 450.0 2400 2650 100 0.180 0.180 450.0 17.16 355.0 170.68  1.08

Quiroz et al. [133] 186 250 100 1500 0.180 450.0 2400 2650 100 0.180 0.180 450.0 17.16 379.0 170.79 048
Quiroz et al. [133] 186 250 100 1.500 0.180 450.0 2400 2650 100 0.180 0.180 450.0 17.16 419.0 20146  0.78
Quiroz et al. [133] 186 250 100 1.500 0.257 450.0 2400 2650 100 0.257 0257 450.0 17.16 436.0 216.07 0.71
Quiroz et al. [133] 186 250 100 1.500 0.257 450.0 2400 2650 100 0.257 0.257 450.0 17.16 416.0 22744  0.53
Quiroz et al. [133] 186 250 100 1.500 0.257 450.0 2400 2650 100 0.257 0.257 450.0 17.16 436.0 21526 141

Quiroz et al. [133] 186 250 100 1.500 0.284 450.0 2400 2650 100 0.284 0284 450.0 17.16 456.0 217.62  1.04
Salonikios et al. [134] 0 100 240 1700 1700 500.0 1200 1200 100 0.565 0.565 500.0 2220 262.0 131 0.83
Salonikios et al. [134] 0 100 240 1.300 1700 500.0 1200 1200 100 0.277 0.277 500.0 21.60 191.0 73.46 0.70
Salonikios et al. [134] 200 100 240 1300 1.700 500.0 1200 1200 100 0.277 0.277 500.0 2390 268.0 92.4 1.80
Salonikios et al. [134] 0 100 240 1700 1100 500.0 1800 1200 100 0.565 0.565 500.0 26.10 197.0 24.32 1.50
Salonikios et al. [134] 0 100 240 1.300 1100 500.0 1800 1200 100 0.277 0277 500.0 2620 124.0 15 1.40
Salonikios et al. [134] 202 100 240 1300 1.100 500.0 1800 1200 100 0.277 0.277 5000 2410 176.0 34 2.05
Salonikios et al. [134] 0 100 240 1.300 1.700 500.0 1800 1200 100 0.565 0.565 500.0 27.50 @ 202.0 16.6 1.50
Thomsen [135] 341 171 102 3250 1.160 414.0 3660 1220 102 0280 0.110 414.0 2740 148.0 10.37 2.20
Thomsen [135] 238 171 102 3250 1.132 4140 3660 1220 102 0.280 0.170 414.0 2740 158.0 10.45 2.40

Tran and Wallace [136] 878 180 150 3230 0250 400.0 2440 1220 150 0270 0.270 400.0 48.00 481.0 74 3.11
Tran and Wallace [136] 878 180 150 7110 0250 448.0 2440 1220 150 0.610 0.610 448.0 48.00 742.0 80.47 3.00
Tran and Wallace [136] 878 180 150 3.230 0250 400.0 1830 1220 150 0320 0.320 400.0 48.00 603.0 146 3.20
Tran and Wallace [136] 1024 180 150 6.060 0250 448.0 1830 1220 150 0.730 0.730 448.0 56.00 859.0 134 3.00
Tran and Wallace [136] 256 180 150 6.060 0250 400.0 1830 1220 150 0.610 0.610 400.0 56.00 670.0 109.2 3.00
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Layssi and Mitchell [137] 0 0 0 0.830 0260 460.0 3250 1200 150 0.830 0.260 470.0 31.20 95.2 39.33 0.47
Layssi and Mitchell [137] 0 0 0 1.500 0.260 460.0 3250 1200 150 1.500 0.260 470.0 30.40 140.5 25.12 0.50
Ghorbani-Renani et al. [138] 0 200 150 5330 0.660 429.0 2700 1300 200 0.600 0.660 440.0 2830 488.2 39 4.60
Ghorbani-Renani et al. [138] 0 200 150 5330 0.660 429.0 2700 1300 200 0.600 0.660 440.0 28.30 479.0 39 4.00
Ghorbani-Renani et al. [138] 0 200 60 2360 0.660 437.0 1140 548 84 0480 0.660 437.0 47.00 86.7 19.95 3.23
Ghorbani-Renani et al. [138] 0 200 60 2360 0.660 437.0 1140 548 84 0480 0.660 437.0 4700 885 19.95 4.00
Ghazizadeh et al. [139] 0 150 240 2200 2.000 4140 1800 1800 150 0.600 1.000 414.0 61.00 588.0 200 2.20
Ghazizadeh and Cruz-Noguez [140] 0 150 240 1.050 0.840 1254.0 1800 1800 150 0.560 1.000 1254.0 40.00 550.0 207 2.20
Athanasopoulou [141] 0 101 762 5.000 0530 5120 1016 1016 101 0.710 0.710 660.0 46.19 362.0 45.44 2.50
Athanasopoulou [141] 0 101 101 9400 1.000 453.0 1016 1016 101 0.830 0.830 4440 46.19 476.0 92.64 2.30
Athanasopoulou [141] 0 101 762 9.400 0980 480.0 1320 1016 101 0.710 0.710 660.0 46.88 392.7 45.44 2.20
Athanasopoulou [141] 0 101 101 13.000 1.400 4820 1320 1016 101 0.670 0.670 463.0 42.74 529.0 125.8 2.20
Athanasopoulou [141] 0 101 101 11.000 1.200 4820 1320 1016 101 0.500 0.500 463.0 37.92 476.0 83.9 2.40
Tupper [142] 600 152 140 11.000 0.240 450.0 3900 1000 152 0.280 0.490 450.0 38.70 334.0 8.97 2.90
Arafa et al. [143] 0 200 200 1430 0.890 1372.0 2000 1500 200 0.590 0.510 1372.0 35.00 678.0 294 2.55
Arafa et al. [143] 0 200 200 1430 0.890 1372.0 2000 1500 200 0.590 0.790 1372.0 35.00 708.0 290 2.80
Arafa et al. [143] 0 200 200 1430 0.890 1372.0 2000 1500 200 0.590 1.580 1372.0 40.00 912.0 315 3.00
Arafa et al. [143] 0 200 200 1430 0.890 1372.0 2000 1500 200 0.590 3.560 1372.0 41.00 935.0 323 3.10
Arafa et al. [143] 0 200 200 1430 0.890 1372.0 2000 1500 200 0.590 0.000 1372.0 38.00 398.0 306 2.20
Arafa et al. [143] 0 200 200 1430 0.890 1372.0 2000 1500 200 0.000 0.510 1372.0 35.00 482.0 231.6 2.40
G. Oesterle et al. [144] 0 0 0 1470 0.000 5116 4570 1910 102 0.310 0250 511.6 4471 118.0 13.7 2.30
G. Oesterle et al. [144] 0 0 0 4,000 2.070 450.2 4570 1910 102 0.310 0.250 4502 46.37 216.0 15.87 2.90
G. Oesterle et al. [144] 0 305 305 1.110 0.000 449.6 4570 1300 102 0.310 0.290 449.6 5298 271.0 28.6 3.30
G. Oesterle et al. [144] 0 305 305 3.670 0.000 4103 4570 1300 102 0.630 0.290 4103 53.60 680.0 33 2.30
G. Oesterle et al. [144] 0 305 305 1.110 1.280 437.8 4570 1300 102 0.310 0.290 437.8 4729 276.0 25.9 3.90
G. Oesterle et al. [144] 0 305 305 1.110 1.280 450.2 4570 1300 102 0.310 0.290 450.2 45.02 335.0 N.A. 6.90
G. Oesterle et al. [144] 0 305 305 3.670 1.350 444.0 4570 1300 102 0.630 0.290 4440 4530 7620 34 2.70
Oesterle et al. [145] 27259 305 305 3.670 0.810 440.6 4570 1300 102 0.630 0.290 4406 21.82 8255 N.A. 2.80
Oesterle et al. [145] 34956 305 305 3.670 1.350 457.8 4570 1300 102 1.380 0.290 457.8 4933 980.0 172 2.70
Oesterle et al. [145] 34956 305 305 3.670 1.350 4475 4570 1300 102 0.630 0.290 4475 4197 9780 N.A. 290
Oesterle et al. [145] 34956 305 305 3.670 1.350 429.6 4570 1300 102 0.630 0.290 429.6 44.09 977.0 N.A. 3.00
Oesterle et al. [145] 34956 305 305 1.670 1.350 4475 4570 1300 102 0.630 0.290 4475 45.61 707.0 N.A. 2.80
Shiu et al. [146] 0 106 318 5.000 0.000 473.0 5500 1905 106 0.240 0.360 473.0 23.30 338.6 7.53 2.86
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JIANG and LU [147] 200 67 95 0.031 0.010 2970 933 1667 67 0.010 0.010 325.0 1830 5218 375 0.66
JIANG and LU [147] 400 67 95 0.031 0.010 2970 933 1667 67 0.010 0.010 3250 1830 587.2 387 0.79
JIANG and LU [147] 0 67 95 0.031 0.010 2970 933 827 67 0.010 0.010 3250 19.10 3163 371.7 0.80
JIANG and LU [147] 200 67 95 0.031 0.010 2970 933 827 67 0.010 0.010 325.0 19.10 399.5 379.1 0.95
JIANG and LU [147] 400 67 95 0.031 0.010 297.0 933 827 67 0.010 0.010 3250 19.10 4879 483 0.87
JIANG and LU [147] 0 67 95 0.031 0.010 2970 933 827 67 0.010 0.010 3250 16.60 307.3 300 0.80
JIANG and LU [147] 200 67 95 0.031 0.010 2970 933 827 67 0.010 0.010 325.0 16.60 381.1 370.2 0.67
JIANG and LU [147] 400 67 95 0.031 0.010 297.0 933 827 67 0.010 0.010 3250 16.60 469.1 402.4 0.65
JIANG and LU [147] 0 67 95 0.031 0.010 2970 933 827 67 0.010 0.010 3250 1620 307.7 277.9 0.64
JIANG and LU [147] 200 67 95 0.031 0.010 2970 933 827 67 0.010 0.010 325.0 16.20 393.6 350.7 0.57
JIANG and LU [147] 400 67 95 0.031 0.010 297.0 933 827 67 0.010 0.010 3250 16.20 473.0 385.1 0.66

Park et al. [148] 970 200 300 9.700 0.000 617.0 1500 1500 200 0.660 0.510 653.0 46.50 2158.0 171 1.00
Park et al. [148] 970 200 300 9.700 0.000 617.0 1500 1500 200 0.660 0.680 653.0 46.50 2298.0 105 1.00
Park et al. [148] 1470 200 300 9.700 0.000 617.0 1500 1500 200 0.660 0.510 653.0 70.30 2085.0 397 0.75
Park et al. [148] 970 300 200 9.700 3.830 617.0 1500 1500 200 0.540 0.510 653.0 46.50 2544.0 542 1.00
Park et al. [148] 970 200 200 9.700 0.000 617.0 1500 1500 200 0.360 0.250 653.0 46.10 1477.0 133 1.00
Park et al. [148] 1470 200 200 9.700 0.000 617.0 1500 1500 200 0.360 0.250 653.0 70.30 1876.0 222 1.00
Park et al. [148] 970 200 200 9.700 2300 617.0 1500 1500 200 0.360 0.250 653.0 46.50 1915.0 328 0.90
Park et al. [148] 970 200 120 2.000 2300 653.0 1500 1500 200 0.360 0.250 653.0 46.50 1149.0 139 2.85
Hube et al. [149] 0 0 0 0.800 1.250 500.0 1600 1600 100 0.200 0.200 500.0 2890 349.0 135.5 0.39
Hube et al. [149] 0 0 0 0300 1.250 500.0 1600 1600 100 0.200 0.200 500.0 2890 233.0 78.7 0.75
Hube et al. [149] 0 0 0 0.800 1.250 500.0 1600 1600 100 0.260 0.260 500.0 2890 471.0 89.5 0.61
Hube et al. [149] 0 0 0 0.800 1.250 500.0 1600 1600 100 0.140 0.140 500.0 2890 403.0 98 0.55
Hube et al. [149] 0 0 0 0.800 1.250 500.0 1600 1600 100 0.200 0.200 500.0 2890 357.0 113.8 0.80
Hube et al. [149] 0 0 0 0.800 1.250 500.0 1600 1600 100 0.140 0.140 500.0 2890 416.0 58.5 0.93
Hube et al. [149] 0 0 0 0.600 1.250 500.0 1600 1600 80 0250 0.250 500.0 2890 324.0 171 0.61
Hube et al. [149] 0 0 0 0.600 1.250 500.0 1600 1600 80 0.170 0.170 500.0 2890 292.0 43 0.65
]

Hube et al. [149 0 0 0 0.600 1.250 500.0 1600 1600 80  0.250 0.250 500.0 2890 336.0 74 1.25
Alarcon et al. [150] 287 100 140 0450 0440 469.0 1600 700 100 0.720 0.440 4450 2740 1443 10.06 2.70
Alarcon et al. [150] 479 100 140 0450 0440 4690 1600 700 100 0.720 0.440 4450 2740 166.0 15.3 1.80
Alarcon et al. [150] 671.6 100 140 0450 0440 469.0 1600 700 100 0.720 0.440 4450 2740 185.6 17.4 1.50
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Table A2. Cont.

23 of 33

Reference AL ac bc Poc Phe Fyc hw Iw tw Pow  Phw Fyw  Few P K D
kKN mm mm % % MPa mm mm mm % % MPa  MPa kN KN/mm %

Kabeyasawa and Matsumoto [151] 1764 200 200 2130 0.800 776.0 3000 1300 80 0.530 0.530 1001.0 87.60 1062.0 134.5833 1.90
Kabeyasawa and Matsumoto [151] 1764 200 200 2.130 0.800 776.0 2000 1300 80 0.530 0.530 1001.0 93.60 1468.0 2285714 1.49
Kabeyasawa and Matsumoto [151] 1372 200 200 2130 0490 713.0 3000 1300 80 0.265 0.265 753.0 5550 717.0 235.8025 0.99
Kabeyasawa and Matsumoto [151] 1568 200 200 2.840 0490 713.0 3000 1300 80 0265 0.265 753.0 54.60 784.0 1222222 0.93
Kabeyasawa and Matsumoto [151] 1372 200 200 2.840 0490 713.0 3000 1300 80 0530 0.530 753.0 60.30 900.0 4222222 1.52
Kabeyasawa and Matsumoto [151] 1568 200 200 3.810 0490 726.0 3000 1300 80 0530 0.530 753.0 65.20 1056.0 160.6667 1.31
Luna et al. [152] 0 0 0 0.000 0.000 4623 2867 3050 203 0.670 0.670 4623 24.84 1125.9 331.2 1.30
Luna et al. [152] 0 0 0 0.000 0.000 434.7 1647 3050 203 1.000 1.000 434.7 4830 2505.4 124 1.25
Luna et al. [152] 0 0 0 0.000 0.000 434.7 1647 3050 203 0.670 0.670 4347 53.82 2082.6 61.2 2.09
Luna et al. [152] 0 0 0 0.000 0.000 4623 1647 3050 203 0.330 0.330 4623 2898 1005.7 57.6 1.08
Luna et al. [152] 0 0 0 0.000 0.000 4623 1006 3050 203 1.000 1.000 4623 29.67 3230.7 1602 0.89
Luna et al. [152] 0 0 0 0.000 0.000 4623 1006 3050 203 0.670 0.670 4623 2622 2541.0 1362.6  0.81
Luna et al. [152] 0 0 0 0.000 0.000 4623 1006 3050 203 0330 0.330 4623 2622 1415.1 2206.8  0.45
Luna et al. [152] 0 0 0 0.000 0.000 4623 1647 3050 203 1.500 1.500 4623 2415 27724 966.6 0.70
Luna et al. [152] 0 0 0 0.000 0.000 4623 1647 3050 203 1500 0.670 4623 29.67 2767.9 896.4 0.60
Luna et al. [152] 0 0 0 0.000 0.000 4623 1647 3050 203 1.500 0.330 4623 31.74 2202.8 945 0.52
Luna et al. [152] 0 203 395 1500 1.500 4623 1647 3050 203 0.670 0.670 4623 3450 1886.8 736.2 0.56
Luna et al. [152] 0 203 295 2.000 2.000 4623 1647 3050 203 0.330 0.330 4623 3450 1624.3 693 0.89
Altin et al. [153] 0 100 100 2.000 0.150 4250 1500 1000 100 1.830 0.150 325.0 1550 149.0 47.6 1.05
Aaleti et al. [154] 0 150 200 5.000 0.850 413.0 6400 2300 150 0.370 0.490 413.7 3540 840.0 28 2.00
Segura Jr and Wallace [155] 1201 330 1524 3180 0920 531.0 2134 2286 1524 0460 0450 578.0 35.80 419.0 124.6 2.20
Segura Jr and Wallace [155] 1201 330 1524 3.180 1.300 531.0 2134 2286 1524 0460 0450 578.0 41.70 440.0 127 2.10
Segura Jr and Wallace [155] 1201 330 1524 3.180 0.980 531.0 2134 2286 1524 0460 0450 578.0 4240 4450 103.8 3.00
Segura Jr and Wallace [155] 1503 330 191 3.140 1.600 531.0 2134 2286 191 0460 0490 578.0 4630 583.0 189 3.00
Segura Jr and Wallace [155] 1802 330 229 3.140 1300 531.0 2134 2286 229 0460 0400 578.0 4860 7034 184.5 3.00
Devi et al. [156] 0 100 150 1.300 1.400 400.0 3800 1000 100 0.570 0.280 400.0 30.00 1578 16.7 2.50
Dragan et al. [157] 0 0 0 0.000 0.000 500.0 1800 880 240 1190 1.280 500.0 40.00 382.0 100 5.00
Ganesan et al. [158] 0 100 100 1.130 1.130 4150 700 500 60 0570 0.180 415.0 53.00 145.0 38.5 3.60
Ganesan et al. [158] 0 100 100 1.130 1.130 4150 700 500 60 0570 0.180 4150 53.00 152.0 30.8 4.00
Ganesan et al. [158] 0 130 130  1.190 1.190 4150 2200 540 80 0470 0.630 4150 60.00 535 476 2.40
Ganesan et al. [158] 0 130 130 1.190 1.190 4150 2200 540 80 0470 0.630 4150 60.00 55.0 5.46 2.40
Liu et al. [159] 400 100 100  8.000 0.440 4144.0 1200 700 100 0440 0.440 41440 4860 297.0 188 1.83
Liu et al. [159] 400 100 100 8.000 0.660 414.0 1200 700 100 0.660 0.660 414.0 48.60 302.0 152 1.83
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Table A2. Cont.

Reference AL ac bc Poc Phe Fyc hw 1w tw  pow  Phw Fyw  Fow P K D
kKN mm mm % % MPa mm mm mm % % MPa MPa kN kKNmm %
Lu et al. [160] 1200 100 200 1.170 0.180 552.0 2600 1500 200 0.330 0.330 557.0 39.10 410.3 44.5 2.50
Zhu and Guo [161] 946 200 400 2.000 0.400 438.0 3280 1700 200 0.410 0.390 451.0 3538 682.0 38.5 2.66
Zhu and Guo [162] 1220 200 400 2.000 0.500 438.0 3400 1700 200 0.370 0.390 455.0 3590 660.0 27 2.60
Barda et al. [163] 0 610 102 1.800 1.800 535.0 9525 1905 102 0.500 0.500 5540 2940 1368.4 829.73 0.61
Barda et al. [163] 0 610 102 6400 6400 496.0 9525 1905 102 0500 0500 5624 16.60 1039.2 800.1 0.69
Barda et al. [163] 0 610 102 4100 4.100 421.0 9525 1905 102 0500 0.500 5553 2740 1193.6 1100 0.56
Barda et al. [163] 0 610 102 4.100 4.100 537.0 9525 1905 102 0.500 0.000 5455 19.30 10974 11379 0.3
Barda et al. [163] 0 610 102 4.100 4.100 537.0 9525 1905 102 0.000 0.500 537.0 2940 7289 1466.8  0.53
Barda et al. [163] 0 610 102 4100 4.100 539.0 9525 1905 102 0.250 0.500 506.0 2156 9294 1148.8  0.61
Barda et al. [163] 0 610 102 4.100 4.100 549.0 476 1905 102 0500 0.500 5413 26.10 12274 29337 0.85
Barda et al. [163] 0 610 102 4.100 4.100 498.0 1905 1905 102 0.500 0.500 5377 24.15 953.8 395.1 0.56
Mansur et al. [164] 0 200 100 3.140 0280 460.0 600 900 60 0.628 0.628 327.0 3370 3974 172 1.40
Mansur et al. [164] 0 200 100 3.140 0.280 460.0 600 900 60 0550 0550 429.0 31.40 399.6 176.2 2.50
Mansur et al. [164] 0 200 100 3.140 0280 460.0 600 900 60 0550 0.550 429.0 3130 3788 217.5 2.14
Mansur et al. [164] 0 200 100 3.140 0280 460.0 600 900 60 0.620 0.620 359.0 3740 4143 2417 212

24 of 33



Appl. Sci. 2019, 9, 2562

Appendix B. Predictive Meta-Models

25 of 33

Table A3. Detailed meta-model for strength response of SPSW.

wll w2l w3l widl w51 w61l
h 3 0.66046 —0.80899 0.42823 0.01536 —0.18274 0.56987
bf —0.14694 —0.33524  0.10281 —0.21930 0.56121 0.07946
A —0.31230 0.58567 0.50296 —0.21616  0.09030 —0.54168
Ic —0.25301 0.09989 —0.84791 0.83422 —0.71050 —0.52802
Ay —0.12027 —0.38129 0.00603 —0.30422  0.73080 0.34905
I —0.70756 0.10070 —0.65471 —0.11693 —0.02622 1.01008
hy —0.11373 0.75990 —0.05930 0.37923 0.20590 —0.37343
by 0.87044 0.01324 —0.11518 —0.65201 0.62558 —0.58151
tp —0.52584 0.63379 0.89311 0.10456 —0.50542 —0.05660
Fyp  —0.01419 0.86811 —0.22826 0.63826 0.29556 0.20831
F,, —040961 —0.39314  0.09353 —0.73352  0.19547 0.39709
Ep 0.27467 —0.16444 —0.48999 —0.37209 0.38294 —0.64189
b1l b21 b31 b4l b51 b61
Bias —1.63294 —1.18766 —0.03826 —0.16751 —0.86762 1.24930
wil2 w22 w32 w42 wbh2 w62
P —0.12684 1.34651 0.45059 —0.06601 0.44606 —0.52102
b12
Bias 1.02066
Table A4. Detailed meta-model for stiffness response of SPSW.
wll w21l w31l widl wb1 w6l
h f 0.37305 0.22685 0.96172 0.27180 1.48534 0.13780
b ¢ —0.19722 —0.32485 —0.45253 —0.11746 —0.60365 0.88083
A 0.37518 0.81240 0.39296 0.71123 —0.44507 —0.83046
I, —0.79638 —0.29590 —0.74050 —0.30217  0.20901 0.30874
Ay 0.47524 —0.30413 —0.65031 0.63964 —0.24198 —0.63278
I —0.22044 0.87375 —0.38598 0.29749 0.37306 0.22694
hy —0.14532 0.85001 —1.51534 —0.48506  0.02425 0.11618
by 0.37593 0.02488 —0.27690 0.76170 0.88023 0.90595
tp 0.11381 0.04305 —0.37526  —0.77502 —0.92189 —0.21587
Fyp 0.38798 —0.53169 0.14933 0.44108 0.14424 0.79407
F,p 079426 —0.04613 1.40176 0.68674 —0.83376 0.50377
Ep —0.66830 0.11349 —1.27297  0.53022 —0.02661 0.05945
b1l b21 b31 b4l b51 b61
Bias —0.34198 —0.20046 —1.47401 —0.09315 —1.27874 0.46863
wil2 w22 w32 w42 wbh2 w62
k —0.34198 —0.20046 —1.47401 —0.09315 —1.27874 0.46863
b12
Bias 0.80271
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Table A5. Detailed meta-model for strength response of RCSW.

will w21 w3l wil w51 w61 w71 w81 w91l w101

A.L  0.03035 0.56271 0.65166  —0.49158  0.95894  —0.25677  0.35357 1.74573 1.36929 0.07470
Wy,  0.00363  —0.81004 —0.28891  0.49325  —0.28890  0.97131 —0.02621 048072  —0.97056  0.24001
Wy, 044522  —0.27800 —0.01113 —0.94223 —0.04538  1.38581 0.34507  —1.18083 —0.18496 —0.64199
Oove 0.44214 1.67735 023993  —0.18993 —0.11241  1.53625  —0.54095 —0.00594 —0.00075 —0.00729
o, —0.70002 —0.62402 —0.33676 —0.88147  0.72609  —0.29662 —0.37476  1.07065  —0.31478  1.43449
Fe —021847  0.03408  —0.40615 0.58864  —0.25504  0.55362  —0.19680 —0.14657 —0.95686  0.22086
hw 0.96457 0.87677 1.11667 0.39403 0.16933 0.23444 0.41240  —0.23943  0.06403 2.21632
L 0.75509  —0.72998  0.90047  —0.78593  3.45766  —1.78285 —2.39491  0.78037 0.99762  —1.44196
tw 023458  —0.93816  0.02132  —1.07066  0.15785  —1.02085 —0.88543 —1.35955  1.16582  —0.01547
pvw  —0.44964  0.53509 0.37030 0.44851 —2.13863  0.39363  —1.01356 —1.20354 —0.23381 —0.72274
Phw 0.46759 0.61964 0.60364 0.60909  —0.09700 —0.04887 —0.08554 —0.07229 —0.02111 —1.10481
Fpp  —0.25250 —0.34851 —1.11666  0.27549 0.29564 0.62440 0.07660 1.05904  —0.28551  0.02229
! —0.63277  0.02735 0.54041 —1.64195  0.07042 0.27903  —0.17193 —0.89626 —0.00433 —0.17178

b1l b21 b31 b4l b51 b6l b71 b81 b1 b101
Bias 1.54250 —1.05560 —0.64521 —0.27120 —0.56445  0.34340 0.67124 —0.89740 —1.64937 —1.19042
wil2 w22 w32 w42 wb2 w62 w72 w82 w92 w102
P 0.80903 —1.09306  0.46271 —0.15223  —1.58711 0.42260 —1.19451 0.19695 0.20121 —0.56320
b12

Bias  0.27163

Table A6. Detailed meta-model for stiffness response of RCSW.

will w21 w3l w4l w51 w61 w71 w81l w91l w101

A.L  0.27836 0.34179 0.55152 0.79469 1.25982 0.90687  —0.02805  0.79850 0.09437  —0.06686
Wi, —0.35504 —0.29662  0.63076 1.04187 0.28381 —1.12608  0.60906 0.77589 0.17191 —0.05209
Wy, 0.38845 0.06067  —0.07384 —0.10242  0.11835 0.68601 —0.51639  0.69812  —0.33039 —0.81421
Oove 0.00685  —0.42597 —0.56353 —0.27964  0.07599 0.48414  —0.13054  0.28632  —0.56540  0.18407
ocn —0.18496 —0.93420 —0.21477 —1.30458 —0.25130 —0.16112  1.17348  —0.46040 —1.01113 —0.93252
Fe —032846  0.19449  —0.00322 —0.23876  0.00709  —0.24757  0.12753 ~ —0.93046  0.73564  —1.19427
hy — —248463 —0.53283 —0.53211 —0.16902 —1.33119 —0.02211  0.01571 —0.43720 —1.38712  1.51850
Iy 0.33724 0.90620 0.57674 0.18346  —0.22445  0.17460  —0.49526 —0.55005  0.45015 0.01144
tw —0.05230  0.71080  —0.49130 —0.72176  0.15461 —0.04615  0.24655  —0.73673  0.44326  —0.53894
Pvw 0.19946 1.35835  —0.56388  0.44006  —0.21862 —0.43304 —0.10659  1.16227  —0.28689  0.63142
Phw 0.56298 0.40776 0.68201 —0.37318 —0.10458  0.18270  —0.76181 —0.20352  0.46643 0.20279
Fyw 0.12877  —0.02556  0.16279 055430  —0.10325 —0.35100  1.00406  —0.47198  0.09076 ~ —0.07678
fl —0.25932  —0.90033  0.23902 0.28550 0.11517 0.17102  —-0.33770 —0.05328  0.31861 —0.72958

b1l b21 b31 b4l b51 b6l b71 b81 bo1 b101
Bias —2.40062 —1.41379  1.54715 —0.57911  0.65255 —0.61406 —0.48502  1.07819 1.26215 4.07677
wi2 w22 w32 w42 wb2 w62 w72 w82 w92 w102
K 1.22667 059476  —0.31743  0.59542 1.08410 —091750 —1.24778 —0.90334 —1.04493 —1.19961
b12

Bias  0.23727

Table A7. Detailed meta-model for drift response of RCSW.

will w21 w3l w4l w51 w61 w71 w81l w91l w101

A.L —0.38551 —0.21555  0.24561 0.72432 0.22761 —0.32669 —1.22827  1.02986 0.29691 —0.65452
Wy,  —0.99673  0.44528  —2.90900 —0.04773  0.07769 0.14600  —0.41686 —2.04320 —0.04020 —0.30586
Wy, —0.46010 027508  —1.58672 —0.07816 —1.17859 —0.02286  0.65862 195612  —0.39298 —0.07518
Oovc 0.87950 1.24468 0.58189 0.45051 —0.09522 —1.02249 —0.83121  0.20119 0.95248  —0.00905
o —0.12796  0.88787  —1.25140 —0.33128 —0.95154 —1.33210 —0.34843  1.30857 0.56996  —0.77308
Fye —079125  0.59283 0.61220 0.65224  —0.79856 —0.22531  0.88950  —0.53688 —0.20737  0.09254
I 1.01985 0.11646 0.07401 091305  —0.10624 —0.59715  0.53518 0.48895  —0.48217 —1.09651
Iy —0.81903  0.56432  —0.97381  0.57371 029790  —1.10196 —0.38007 —0.45571  0.35466  —0.85581
tw 0.90861 —0.48538  0.62197 0.16745  —0.22928  0.46233 0.01534 0.57427  —0.45866  0.40609
Pow 0.14697  —0.92753  0.61884 0.57854 093538  —0.50672 —0.20537 —0.47842  1.45274  —0.04762
Ohw 1.19628 0.57915 0.40955 0.45958 0.11556  —0.85086 —0.68757 —0.31959  1.00650 0.12659
Fp  —0.02750  1.08842  —1.35543 —0.12400 0.09936  —0.50841  0.31056  —0.21224 —0.15709  0.27799
M 022400  —1.75419 —1.45567 —0.30999 052838  —0.35201  0.33484  —0.72868  0.55217 0.18422

b1l b21 b31 b4l b51 b61 b71 b81 b1 b101
Bias —1.62011  0.13056 —0.50546 —0.75766 —0.61882 —0.24612  0.63451 0.91834 —1.27594  —1.70098
w12 w22 w32 w42 w52 w62 w72 w82 w92 w102
D 1.38455 —0.54226  0.41286 —0.04294 —1.17546  0.35975 —0.26591 —0.71351 —0.36289 —0.31776
b12

Bias  0.16445
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