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where A. is the capping displacement corresponding to the maximum lateral strength (Fmax)-
Fardis et al. [40] proposed a semi-empirical strength and deformation expression with good average
agreement with test results. It has been widely used in the seismic performance assessment in
engineering [29]

M,/M, = (1.25)(0.89)" (0.91)*"'% (10)

K2
M, = BD3¢y{EC7le.5(1 +06) - %] + %[(1 —ky)p+(ky =8 )p" + %(1 —5')](1 - 5')} (11

where ¢ is the yield curvature; ¢’ is the ratio of the distance of the compression reinforcement center
from the extreme compression fibers to the span depth (D); ky is the normalized compression zone
depth; E; is the reinforcement elastic modulus; p, p” and p, are the reinforcement ratios of tension,
compression and web reinforcement, respectively.

Figure 7 shows a comparison of the experimental results, predicted strength of the ANN model
and calculated results from the explicit formula. In Figure 7a, the test results of the shear-failed
specimens were obtained using the formula by [5], while the flexural failure specimens were selected
from the database of this study. As shown in Figure 7a, the mean absolute error of the predicted
shear strength of the ANN model is 0.107, which is smaller than those obtained from the three explicit
formulas, 0.235, 0.207 and 0.217. In Figure 7b, it can also be observed that the mean absolute error
of the ANN model is 0.087. However, the statistical result of the mean absolute error obtained from
the design code is 0.101. It is illustrated that the results indicate that the ANN model yields a more
accurate prediction of the structural strength of the columns.

Figure 8 also shows a comparison of the test results of the ultimate drift of the column, and
predicted results from the ANN model. It can be observed that the ANN model can also achieve a
reasonable prediction of the ultimate drift. However, it is evident that the mean absolute error of
the ultimate drift is larger than that of the strength prediction, particularly for specimens with large
ultimate deformation capacity.

The mean absolute error and goodness of fit are found to be 0.1761 and 0.8114, respectively, for the
training set, and 0.1783 and 0.8216 for the test and validation set, respectively. This is because the
ultimate deformation of the column is more strongly affected by the nonlinearity of the structures.
Another reason for there being less accuracy is that the ultimate deformation is more difficult to measure.
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Figure 7. Comparison of the predicted results of the strength from the ANN model and existing
explicit formulas.
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Figure 8. Comparison of experimental results of the ultimate drift and predicted results from the
ANN model.

To assess the ultimate deformation of lightly reinforced columns, Elwood et al. [6] proposed an
explicit formula given as follows:
& 3 1 Fmax n

. =m+4pt——c———21/o(MPa) (12)

where the effects of the transverse reinforcement ratio (p;), axial load ratio (1) and strength (Fmax) are
taken into account. Furthermore, Lehman et al. [41] also developed an explicit method to evaluate the
ultimate drift of flexural-dominated columns as follows:

Ay A]/ ASP Af

TS T (2)
where Ay, Agp and A f are the yield, slip and flexural displacement, respectively.

The above explicit formulas for calculating the ultimate drift were also used to validate the
accuracy and effectiveness of the ANN model. Figure 9 shows a comparison of results obtained from
the formula methods and test results from the collected test database, which are divided into two
parts, namely the shear-failed specimens and the flexural-dominated specimens. It can be observed
that the ANN model also yields better prediction of the ultimate drift than the two explicit formulas.
The mean absolute errors obtained from the ANN model and the Elwood’s method are 0.165 and
0.266, respectively, for the shear-failure columns, whereas those obtained from the ANN model and
the Lehman’s method are 0.188 and 0.316, respectively, for the flexural-failure columns.
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Figure 9. Comparison results of the ultimate drift between the experimental, ANN model and
explicit methods.
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Since there are currently no explicit formula for the estimation of capping drift corresponding
to the maximum strength, Figure 10 only shows the comparison of the experimental results of the
capping drift of the column and the predicted results from the ANN model, with the mean absolute
error of 0.0794 and 0.1071, goodness of fit of 0.8001 and 0.8345, for the training set and the test and

validation set, respectively. Nevertheless, it can still be seen that the ANN-based model for the capping
drift estimation is reasonable and relatively accurate.
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Figure 10. Comparison of experimental results of the capping drift and predicted results from the
ANN model.

Similarly, Figure 11 shows a comparison of the yielding drift of column between experimental
results and predicted results from the ANN model. The mean absolute error for the training set
and the test-validation set is 0.1081 and 0.0752, and the corresponding goodness of fit is 0.8548 and
0.8638, respectively. Generally, the yielding drift of RC columns always appears earlier with low
nonlinearity than the ultimate drift. Therefore, the proposed ANN-based model can get a better

prediction on the yielding drifts than the ultimate drift due to the nonlinearity difference between these
two physical parameters.
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Figure 11. Comparison of experimental results of the yielding drifts and predicted results from the
ANN model.
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For the estimation of the yielding drift, Fardis et al. [40] proposed a statistical formula based on
the results of 963 tests, which has been widely used in engineering [29].

0.258yd1fy1
(d-a)

where ¢, is the yielding curvature of the section, ay is the slip coefficient (equals 1 if slippage of
longitudinal steel is possible, or 0 if it is not), and ¢y, is the yield strain of longitudinal steel.

Figure 12 presents the comparison results of the yielding drift estimation of RC columns from the
test set between the proposed ANN model and Fardis” method. It shows that the ANN model performs
better than the empirical formula, with the mean absolute error of 0.2327 and 0.4572, respectively.
Therefore, the developed ANN-based model can provide a more reliable and accurate prediction of the
critical parameters for the LP model.
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Figure 12. Comparison results of the yield drift between the experimental, ANN model and Fardis’
method [40].

4.3. Evaluation of the ANN-Based LP Model

4.3.1. Comparison with the Pseudo-Static Test

The boundary conditions of the RC column during pseudo-static tests are generally close to its
real situation. Therefore, it is reasonable to validate the ANN-based bi-linear and tri-linear LP model
through a quasi-stable test on a frame. This test was conducted by [42], and the simulation is carried out
using the Open System for Earthquake Engineering Simulation (OpenSEES, [28]) platform, as shown
in Figure 13a. Each column was simulated by one elastic element and two zero-length elements at the
two ends, as shown in Table 5. As illustrated in Figure 13b, the ANN-based LP model can provide
an acceptable prediction result, especially for the envelope curve. It also shows that the ANN-based
tri-linear model performs better than the bi-linear one during the whole hysteresis curve prediction
process, especially after the capping point.

Table 5. ANN-based method for the LP model of the RC column sample [42].

Model Parameters
ANN model Fmax = 27.50 kN, 0y = 4.53%, 6. = 1.85%, 6y = 1.17%
Bi-linear model K, = 1119 kN-m/rad, M, =13.09 kN‘m, b = 0.061

Tri-linear model K, = 1119 kN'-m/rad, M, =13.09 kN-m, g; = 0.18, B = —0.128, M, /My =117
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Figure 13. Comparison of the ANN-based LP model and test result [42].
4.3.2. Comparison with Shake Table Test

For further validation, a time history response comparison was performed between the proposed
ANN-based method and a shaking table test of a single-story RC frame [43]. As shown in Figure 14,
the frame consists of two identical columns and a rigid link beam. Each column is modeled by one elastic
element and two flexural springs at the two ends. Based on their properties, the ANN model was used
to predict their strength and deformation capacities, as presented in Table 6. Therefore, the parameters
for bilinear model (M,, K, b) and tri-linear model parameters (K., My, f;, fc, M/ My) of their LP models
were calculated, based on which the FE model was developed on the OpenSEES platform.

During the test, the structure was subjected to a scaled ground motion with PGA =1.28 g (recorded
by TCU076NS in the 1999 Chi-Chi earthquake), as shown in Figure 15a. After performing the dynamic
time history analysis, the drift response of the specimen was obtained and compared with the test result,
as is shown in Figure 15b. It is observed that the ANN-based LP models can provide an acceptable
estimation of the drift response before the collapse of the frame structure, especially for the tri-linear
one. The corresponding maximum error of the drift response before the time of 22.6 s between the
ANN-based tri-linear model and the test is very small. However, due to the limitation of the LP model
itself, the collapse phenomenon of the specimen could not have been directly represented during the
simulation. In spite of that, the proposed ANN-based model-free and data-driven method is still an
effective and reliable candidate for the researchers and engineers to determine the key parameters of
RC columns during finite element analysis.
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Figure 14. Prototype and model of the shaking table specimen.
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Table 6. ANN-based method for the LP model of RC column sample S2 [43].

Model Parameters
ANN model Frmax = 36.62 kN, 0y = 4.53%, 6. = 1.85%, 6y = 0.99%
Bi-linear model K, = 2720 kN'm/rad, M, = 2692 kN-m, b = 0.0494

Tri-linear model Ke = 2720 kN'm/rad, My = 26.92 kN-m, ; = 0.203, B = —0.087, M /M, = 1.17
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Figure 15. Drift response comparison of the frame obtained from test and ANN-based LP model:
(a) Ground motion record; and (b) drift response.

The developed ANN-based model for the LP parameters of RC columns has been already

implemented in an efficient Matlab GUI, anyone has access to it in the supplementary materials.

5. Conclusions

This study explored the possibility of using an ANN-based method to rapidly determine the

seismic performance of RC columns, as well as the development of the LP model for them. An ANN
model was established and validated based on the large database of 1163 cyclic tests of RC columns to
predict the strength and the yielding, capping and ultimate deformation capacities, which are critical
for the commonly-used LP model. The following conclusions are drawn:

1.

On the basis of a large historical experimental database and advanced humanlike information
processing algorithm, the proposed model-free method in this study can rapidly get more
accurate input parameters for any bilinear and tri-linear LP model than current explicit formulas.
The accuracy of the proposed method can also have been improved with the increment of the
sample quantity of the database.

The validation results through both the collected experimental data and several existing functions
indicate that the ANN-based method can be effectively used to predict the most important
characteristics of RC columns, which are also critical for the further modeling of structures.
In addition, another advantage of the proposed model-free method is that the quantity of the input
features could be easily changed according to the requirement of an arbitrary multi-linear model.
The ANN-based LP model can help reduce the subjective and experimental errors. The prediction
results of the RC frame structures using the well-trained ANN-based LP model show a good
agreement with both the quasi-static and shaking table test results, especially for the pre-collapse
stage. Thus, the model-free method based on the machine learning theory will be an innovative
and promising approach for a fast seismic performance evaluation of the buildings and bridges
in the future.

Thus, the model-free method based on the machine learning theory (e.g., ANN method) can

be used as a promising surrogate for the rapid seismic performance evaluation of the buildings and

bridges in the future.
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Supplementary Materials: The well-trained ANN-based model for the LP parameters of RC columns has been
already implemented in an efficient Matlab GUI, which is available for the users, including both of the researchers
and engineers to quickly evaluate the seismic performance of RC columns as well as RC structures. Anyone who
is interested in the ANN-based LP model of RC column in this study may contact the author or download the
program from the following address: https://www.dropbox.com/s/8aq3qreiochn260/ANNLPGUI.zip?dI=0.
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Appendix A
Table Al. Details of specimens included in the database.
References 2::31::: Width (mm) ~ Shear Span (mm) C"“"gzl,sge“g“‘ Axial Load Ratio
Berry and Eberhard [44] 132 150~550 160~2200 16~160 0.0~0.8
Browning et al. [26] 168 80~800 80~2500 13~116 0.0~0.9
Yun [45] 6 510 1778 62.1~64.1 0.20~0.34
Ho and Johnny [46] 20 325 1515 56.5~111.1 0.11~0.55
Ongsupankul et al. [47] 4 400 1550 29.61~32.36 0.07~0.08
Woodward and Jirsa [48] 5 300 455 31~41 0.0~0.21
Bayrak [49] 24 250~350 1473 70.8~112.1 0.31~0.53
Mo and Wang [50] 9 400 1400 24.9~27.5 0.1~0.21
Paultre et al. [51] 8 305 2150 78.7~110 0.35~0.53
Xiao and Yun [52] 6 510 1778 62.1,64.1 0.2~0.34
Lam et al. [53] 9 160~267 400~480 42,47 0.4~0.65
Hwang and Yun [54] 8 200 300 68.3~70.3 0.3
Moretti and Tassios [7] 8 250 250~750 35~49 0.3,0.6
Ahn and Shin [55] 20 240 500 32~70 0.3~0.5
Woods et al. [56] 7 203 625 69 0.16
Marefat et al. [57] 7 150~200 750 20~28 0.16~0.31
Xiao et al. [58] 6 200 850 60, 90 0.38~0.54
Bae [59] 5 610, 440 2630 29.6~43.4 02,05
Cao [60] 10 250, 350 600, 850 22.6~32.5 0.2~0.5
Queetal. [61] 8 600 900 92.5~121 0.1,0.2
Abdelsamie et al. [62] 7 250 700, 1050 26.6~151.4 0
Martirossyan and Xiao [63] 6 254 508 76, 86 0.1,0.2
Lietal. [64] 8 300 250~500 23.4~27.5 0.09~0.29
Nakamura et al. [65] 6 450 450, 700 25,28 0.16~0.18
Popa etal. [66] 7 300 450 18~29 0.2~0.4
Jinetal. [67] 8 150 495~660 34~73 0.09, 0.13
Bechtoula et al. [68] 10 325~520 813~1300 80, 130 0.3
El-Attar et al. [69] 7 150 870 141 0~0.35
Personal communications 626 150~900 150~3500 20~180 0~0.9
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