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Abstract: Seismic intensity measures (/Ms) quantify the severity of ground motions and their impacts on
structures. They play a vital role in many aspects of earthquake engineering. This paper proposes a novel method,
namely the express iteration method (EIM), for constructing effective vector-valued /Ms based on dozens of
existing scalar ones given a specific engineering structure or a class of them. Taking advantage of the sophisticated
while efficient mapping between scalar /Ms and engineering demand parameters (EDPs) via a machine learning
model, EIM iteratively eliminates less important scalar /Ms from a pool of candidates to find the most effective
combinations for a vector-valued /M and achieves superior computational efficiency by avoiding updating the
nonlinear mapping during the process. Taking a base-isolated structure and its non-isolated counterpart for a
demonstrating case study, the performance of the vector-valued /Ms determined by EIM is compared with those
by other existing methods in the literature for the task of selecting the most unfavorable ground motions. The
results show that EIM prioritizes records with the largest peak inter-story drift PIDs and thus leads to the smallest
subset that imposes most severe structural damage, while its computational cost was two orders of magnitude
smaller as compared to the existing methods of similar effectiveness. Such superior performance can also be
expected in all tasks that involve vector-valued I/Ms, including but not limited to multi-dimensional fragility
analysis, incremental dynamic analysis, and real-time seismic damage prediction.

Keywords: Intensity measure; machine learning; back propagation neural network; ground motion selection; base

isolation.
1 Introduction

Accurate prediction of the damage potential of an earthquake ground motion is an important task in
earthquake engineering. Intensity measures (/Ms) are parameters that quantify the severity of a ground motion
and its impact on engineering structures. They link seismic hazards with structural responses (Buratti, 2012);
therefore, finding an effective IM, either scalar or vector-valued, for representing the damaging potential of ground
motions on structures is a major concern in earthquake engineering (Cordova et al., 2000; Ebrahimian et al., 2015).

In this context, an effective /M is defined as one that results in a relatively small variability of the engineering
demand parameters (EDPs) given IM, thereby reducing the required number of earthquake records in nonlinear
dynamic analysis with adequate accuracy (Shome, 1999; Luco and Cornell, 2007; De Biasio et al., 2014;
Ebrahimian and Jalayer, 2021). IMs are also supposed to be sufficient, or in other words, to be independent of the
earthquake and site characteristics such as the magnitude and epicentral distance (Padgett et al., 2008; Yan et al.,
2022).

Considerable efforts have been devoted to propose new effective IMs and evaluate the effectiveness of
existing ones (e.g., Bojorquez and Iervolino, 2011; Bojorquez et al., 2012; Zhang et al., 2018, among others).

Scalar IMs, such as the peak ground acceleration (PGA), peak ground velocity (PGV), and the spectral acceleration
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at the fundamental period of the structure, Si(7"), have been widely used for their simplicity. The related studies
show that PGA intensity tended to be appropriate for the short-period structures, whereas PGV was found to be
optimal for the long-period ones (Zhong et al., 2019; Nguyen et al., 2023). However, many studies (Nau and Hall,
1984; Matsumura, 1992; Yakut and Yilmaz, 2008; Rong et al., 2023) showed that among ground motion records
with the same value of these scalar /Ms, there is still significant variation in the EDPs of nonlinear multi-degree-
of-freedom structures, due to the effect of higher modes and period softening. To reduce such variation,
researchers attempted to develop vector-valued /Ms (e.g., Baker and Cornell, 2005; Saha and Mishra, 2021; Chen
et al., 2022), which contain more information about the ground motions and are deemed to be preferable for
assessing the severity of ground motions (Yakhchalian et al., 2015). Since there are C f‘i possible combinations to
construct a k-dimensional vector-valued /M from a pool of d candidate scalar ground motion parameters, it
necessitates an efficient method to find the effective vector-valued IMs to overcome the somehow tedious, if not
impossible, exhaustion.

Conventionally, researchers tried to fit a regression function between /Ms and EDPs and compare the features
(e.g., the correlation coefficient) of the regression results (Riddell, 2007; Luco and Cornell, 2007; Marafi, Berman,
and Eberhard, 2016; Kiani, Camp, and Pezeshk, 2018; Liu, Yu, and Lu, 2020; Yan et al., 2022). The regression
methods are valuable for scalar IMs, and the effective scalar /Ms are then selected to construct a vector-valued /M
in some studies (Sun et al., 2023; Ding and Feng, 2023). However, simple combinations of several most effective
scalar IMs do not guarantee an effective vector-valued /M. Gehl et al. (2013) showed that some parameters that
have little effect on the structural responses when considered alone can improve the performance of a vector-
valued /M when used in combination with other scalar /Ms. On the other hand, the presence of high correlations
between scalar /Ms such as spectral accelerations at different but closely spaced periods usually have harmful
multi-collinearity, making it difficult to assess the unique contribution of each one (Kohrangi et al., 2016). In
addition, the regression methods also have the disadvantages of limited input dimensions and empirical selection
of regression function for vector-valued /Ms. Currently, there is yet no consensus regarding the form of regression
functions (Tezcan and Cheng, 2012).

Machine learning tools have also been elaborately explored to this end. They are more flexible, powerful,
and accurate than ordinary logarithmic linear regression in the face of possible nonlinear patterns in the /M-EDP
mappings. Liu et al. (2018) adopted the principal component analysis (PCA) to determine the principal
components of multiple scalar /Ms for predicting maximum displacement of single-degree-of-freedom systems.
Wang and Peng (2019) adopted the mean impact value method (MIVM) based on the extreme learning machine
to identify the effective measures for estimating shear wave velocity. For real-time seismic damage prediction,
Xu et al. (2022) proposed an iteratively eliminating method (IEM) to construct effective vector-valued /Ms by
eliminating /Ms iteratively from a pool of candidates based on a repeatedly updated decision tree. For multi-
dimensional seismic fragility analysis, Yan et al. (2022) proposed an opposite procedure, namely the sequential
floating forward selection (SFFS) algorithm, which determines the effective vector-valued /Ms by sequentially
absorbing /Ms from the pool of candidates. Xu et al. (2023) proposed a fuzzy decision-theoretic computational
approach for selecting optimal /Ms under the conditions of randomness, fuzziness and uncertainty.

In addition to finding the most effective /Ms, these methods are expected to exhibit high computational
efficiency to meet the need of practical use. In this term, the ‘one-shot’ methods (e.g., PCA and MIVM) usually
outperform the other methods. However, they are plagued by the combination effect of multiple scalar /Ms and
may suffer from multi-collinearity problem, thus may not meet the requirement for accuracy. On the other hand,
the iterative methods (e.g., IEM and SFFS) exhibit better accuracy, but usually require unacceptably high
computational cost in the face of a substantial number of candidates to update the nonlinear mapping iteratively

in the selection process.
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This paper proposes a novel method for constructing effective vector-valued /Ms for engineering structures
that has superior performance in terms of both accuracy and computational efficiency. The proposed method,
namely the express iteration method (EIM), eliminates less important scalar /Ms iteratively to find the most
effective combinations to construct a vector-valued /M based on a machine learning model. Different from IEM
and SFFS, it does not require updating the nonlinear mapping during the process. Taking a base-isolated structure
and its non-isolated counterpart as illustrating examples, nonlinear dynamic analyses are conducted to generate
their structural responses as EDPs. Seventy scalar /Ms are collected from the literature to represent a
comprehensive pool of candidates. After establishing the nonlinear mapping between the /M-EDP pairs via
machine learning, EIM is implemented to automatically construct the effective vector-valued /Ms that can predict
the EDPs with relatively small variation. The thus-obtained vector-value /Ms are then compared with those by
another four existing methods in the literature in the application of selecting the most unfavorable ground motions

to demonstrate the superior performance of EIM in terms of both accuracy and efficiency.
2 The framework of EIM

2.1 Measure of effectiveness

For a specific building or a class of buildings, the structural seismic responses depend entirely on the full
time-history of the input ground motions. An effective /M represents a significant simplification of the time history
of a ground motion and is expected to predict the EDPs of concern with relatively small variation. In other words,
the EDPs predicted by IMs (denoted as EDP's hereinafter) are expected to have a strong correlation with the true
EDPs when the structure is subjected to the full time-histories of a suite of selected ground motions. In this study,
the true EDPs are retrieved from the structural responses obtained by nonlinear time history analyses. The
effectiveness of a vector-valued /M can then be quantified by the correlation coefficient, R, between EDPs and
EDPs, as is defined in Eq. 1. R = 1 in an ideal prediction where EDPs and EDPs are identical.

o Z s, (EDP, — EDF;)(EDP;; — EDP;)
j=1

(1)
Jz EDPU EDP, JZL (EDP,; —EDP,)*

where m is the number of EDPs of concern, 4; is the weight factor of the jM EDP, n is the number of ground
motion records, and the over-bar notation ‘=’ denotes the mean value over all ground motion records.

While the correlation between different EDPs may also have an effect on the effectiveness of /Ms, the
measure of effectiveness R (Eq. 1) in this study only represents the variation of engineering demand parameters
(EDPs) and does not explicitly consider the effect of the correlation. The proposed method can learn the physical
constraints between different EDPs by machine learning algorithms, and therefore implicitly considers the
correlations between them.

2.3 General flow of EIM

EIM aims at finding the vector-valued /M composed of several scalar /Ms from a pool of candidates that
predicts EDPs with the highest R. Figure 1 illustrates the general flow of EIM for a specific building. Given a
pre-established mapping ®(.) between the candidate scalar /Ms and the EDPs of concern, EIM takes the IM
candidate pool (denoted as IM) and the true EDPs (denoted as EDP) as input and returns a subset of IM (denoted

as IM.s) with a target size . It consists of two layers of iterations:
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1
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Figure 1. The general flow of EIM.

(1) Within each inner loop of iteration, denoted by ¢ in Fig. 1, the significance of each retained scalar M is
assessed by measuring the decrease in R when it is omitted in predicting EDPs. A scalar IM is considered less
important for predicting EDPs if its omission leads to a minor impact on the correlation coefficient R. To ensure
the feature set IM's dimension remains constant and to avoid iterative updates to the nonlinear mapping, EIM
employs the 'set to zero' strategy rather than outright 'elimination' when a particular element of IM is rendered
absent.

(2) In each outer iteration, marked by p in Fig. 1, the least important scalar /M is excluded for the subsequent
iterations by setting its value to zero. This choice ensures the persistence of the same pre-established nonlinear
mapping throughout the entire process.

This two-layer iteration is reiterated until each scalar /M in the set is successively excluded, ultimately
reaching the predetermined size k. The amalgamation of these remaining k scalar IMs constitutes the effective
vector-valued /M, IM ..
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3 Implementation to example buildings

3.1 Example structures

The implementation of the above procedure is demonstrated by an example. A seismically base-isolated
building in the Recommendation for the Design of Seismically Isolated Buildings (AlJ, 2013) and its non-isolated
counterpart are taken as the example buildings. The isolated structure is a hospital building located in an urban
area with the seismic performance target of maintaining its functionality during major earthquakes. The
superstructure consists of a 9-story reinforced concrete frame with shear walls, including eight stories above
ground and a single-story basement. The isolation layer is below the basement and comprises both natural rubber
bearings (NRBs) and lead rubber bearings (LRBs). For simplicity, the superstructure is assumed to be fixed at the
bottom of the basement to serve as a non-isolated counterpart for comparison. The effective vector-valued /Ms for
both the isolated and non-isolated example buildings can be evaluated either separately or collectively. This give

three scenarios of target structures, that is, isolated building alone, non-isolated building alone, and both buildings.

3.2 Establishing the mapping between IMs and EDPs

EIM operates irrespective of the specific mapping approach between /Ms and EDPs. Some machine learning
algorithms, such as Gaussian process regression (GPR), support vector machine (SVM), artificial neural network
(ANN), random forest (RF), and eXtreme gradient boosting (XGBoost), are available and were shown to perform
similarly for establishing this mapping (Ding and Feng, 2023). For the present study, the backpropagation neural
network (BPNN) was chosen because of its simple architecture and universal approximation capabilities, as noted
by Jasmi et al. (2014). Training the BPNN involves utilizing a database comprising pairs of /Ms and corresponding
true EDPs as features and labels, respectively. In this study, we construct this database through nonlinear time
history analyses (NTHA) performed on the target buildings subjected to a diverse set of ground motion records.

To this end, a suite of 974 unidirectional ground motion records is selected from the NGA West2 database of
the Pacific Earthquake Engineering Research Center (Ancheta et al., 2014) based on the following criteria: (1)
PGA is larger than 40 cm/s? and PGV is larger than 5 cm/s (80 cm/s? and 10 cm/s for the 1999 Chi-Chi and the
2011 Tohoku earthquakes to limit the number of records from these two record-rich earthquakes); (2) Information
of the site shear wave velocity and the fault distance is present; and (3) The effective period is larger than 6 s.

To increase the richness of the ground motion data as much as possible, we chosen as many ground motion
records as possible and did not use the site-specific spectra to scale motions. The selected ground motion records
are randomly scaled to have a PGV of [0, 0.2], [0.2, 0.4], [0.4, 0.6], [0.6, 0.8], [0.8, 1] m/s, respectively, to form
a large dataset of n = 4870 scaled ground motion records. The PGA, PGV, magnitude, and fault distance of the

scaled ground motions are depicted in Fig. 2.
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Figure 2. Distribution of properties of the scaled ground motions records.
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A total of d = 70 different scalar /Ms are retrieved from /M-relevant studies in the literature to form the
candidate pool in this study. More details are referred to Appendix A. They exhibit great diversity and include (1)
acceleration-, velocity-, and displacement-based /Ms and hybrid /Ms; (2) both frequency- and time-domain /Ms;
and (3) both accumulated and peak /Ms. To examine the robustness of EIM, the candidate pool also includes some
highly correlated /Ms (e.g., Sa(T1), SW(T1), and Sq(71)), which were typically pre-excluded for other methods in
worry of multi-collinearity problems.

Regarding the EDPs, the peak inter-story drift (PID) is commonly-accepted as an important indicator of
structural seismic damage (ASCE 2000). The maximum PID over floors (including the isolation layer) indicates
the most-heavily damaged floor, the collapse of which may lead to the failure of the entire building (Matsagar and
Jangid, 2004, Chopra 2007, Grigorian and Grigorian 2016, Grigorian et al 2017, Pan et al 2018). Furthermore,
peak floor velocity (PFV) and peak floor acceleration (PFA) are widely recognized as closely related to
nonstructural damage, which is essential for the post-quake occupancy and recovery of buildings (Taghavi and
Miranda 2003, Filiatrault and Sullivan 2014, Dhakal et al 2016).

On the other hand, nonlinear time history analyses are performed to generate the true EDPs (Fig. 3). Lumped
mass models are established in OpenSees for the target buildings. The shear springs are assumed to exhibit a peak-
oriented hysteresis curve with a quadrilinear skeleton curve (Fig. 3(a)). The skeleton is defined by a set of crack
point (u¢, Oc), yield point (uy, Oy), and ultimate strength point (up,, Op), corresponded to stiffness values ki, k2, and
ks, respectively. k4 is set to zero to represent perfect plasticity. ku represents the unloading stiffness given by Eq.
2 adapted from Takeda et al. (1970). The reloading stiffness directed towards the historical maximum loading

point.

=k (22) e

where £y is the slope of a line joining the yield point in one direction to the crack point in the other direction. um
is the maximum deformation attained in the direction of the loading, and uy is the deformation at yield.

The plastic strength Q, is assumed to be Q, times Oy, where £,=2.5 is the suggested overstrength factor of
concrete shear walls structures according to Table 5.5 of the HAZUS Technical Report (FEMA 2012). The other
parameters are provided by AlJ (2013) and presented in the Appendix B1. 3% stiffness-proportional damping is

assumed for the first mode of the superstructure, whose fixed-base fundamental period is 0.59 s.
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Figure 3. Numerical model of (a) non-isolated and (b) isolated target buildings.
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In the isolated building, the isolators are simulated by the KikuchiAikenLRB material (Kikuchi et al., 2010)
that considers the nonlinear behavior of lead-rubber bearings under large shear strain (Fig. 3(b)). The initial
stiffness ki and post-yield stiffness kq are calculated by Eq. 3. The detailed parameters of the NRBs and LRBs are
provided in Appendix B2. The isolation periods corresponding to the isolator’s initial stiffness ki and post-yield
stiffness kq are 1.20 s and 3.91 s, respectively. The latter is more than 6 times longer than that of the fixed-base

superstructure.

ki=pB-ka  ka=

3

where B is the ratio of initial stiffness to post-yield stiffness; G is the shear modulus of rubber; a is the
apparent shear modulus of lead; 4, and 4, are the area of rubber and lead plug, respectively; H; is the total thickness
of rubber.

The combination of the three EDPs and the three scenarios of target structures yields nine analysis cases for
implementing EIM. For each of the nine analysis cases, a BPNN is established to link the input /Ms as features
with the EDPs of interest as labels. The network is trained using Python on a standard personal computer with a
12-vCPU Intel(R) Xeon(R) Gold 5320 CPU @ 2.20GHz, 32 GB of RAM, and without a GPU. A three-layer
BPNN architecture is employed, comprising an input layer with 70 neurons, a hidden layer with 16 neurons, and
a single-neuron output layer. The activation function used is Rectified Linear Unit (ReLU) (Agarap, 2018), and
the mean square error (MSE) loss function (Christoffersen and Jacobs, 2004) is adopted, along with the stochastic
gradient descent algorithm (Keskar and Socher, 2017) set at a learning rate of 0.1. To prevent possible overfitting
because of the limited training data, we adopted a regularization method to add a penalty term to the loss function
of the model so that the parameters of the model cannot be too large or too small. In this study, we used a penalty
term with a regularization coefficient of 1x10°, which is adjusted according to the complexity and noise of the
data. The IM-EDP pairs database is partitioned into training, validation, and testing sets in a ratio of 6:2:2. Min-
max normalization ([-1, 1]) is applied to all input features to mitigate the impact of varied distributions and units.
The model is trained with a batch size of 64, and the maximum number of epochs is set to 3000.

The evolution of MSE and R during the training processes for all cases are shown in Fig. 4. Both indices
gradually converge as the training progresses. More importantly, both MSE and R on the validating sets are very
close to those on the training sets when the training is deemed converged, indicating a small degree of overfitting.
Figure 5 compares the true EDPs by NTHA and the predicted EDP by BPNN on the testing set. The close
correlation of the two sets validates the BPNNs as effective nonlinear mapping between /Ms and EDPs for the

analysis cases in this study.
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3.3 Implementation of EIM

Utilizing the pre-established BPNN, EIM is applied iteratively to the training sets, eliminating the least
important scalar /Ms from the pool. As depicted in Fig. 6, the correlation coefficient R, defined in Eq. 1, gradually
decreases throughout this process. This decline suggests that the effectiveness of the remaining /Ms on the training
sets diminishes gradually as more scalar /Ms are excluded. Nevertheless, the reduction in R is steady and slow

until only a few scalar /Ms remain active (i.e., retain non-zero values).
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Figure 6. Change in R with the decreased number of active /Ms on the training set.

For a specified target dimension £, the last & scalar /Ms that persist in the process constitute a k-dimensional
vector-valued /M. When k& = 70, the complete set of 70 scalar /Ms in Table Al forms the most effective yet
impractical vector-valued /M. Conversely, when k£ = 1, EIM identifies the most effective scalar /M for the specific
case. The impact of the vector dimension k£ on the effectiveness of vector-valued /M is explored by comparing
their respective R values in Fig. 7. Unlike the varied R values during the EIM iteration process in Fig.6, which
employs the pre-established BPNN introduced in Section 3.2, the R for vector size k in Fig. 7 is the correlation
coefficient between true EDP and the predicted EDP obtained from specifically-trained new BPNNs with an
input layer of k& neurons. R is evaluated on the testing set, while the new BPNNs are trained on the training set.

As commonly expected, the effectiveness of a vector-valued /M, in terms of R, increases with the
augmentation of the vector dimension 4. In some instances, (e.g., for estimating PFAs in all three scenarios and
for estimating PIDs for the isolated building), a 2-dimensional /M yields significantly larger R values than a scalar
IM (i.e., k = 1), but further increasing the dimensions up to £ = 5 brings about minimal change. In other cases,
(e.g., for estimating PF Vs in all three scenarios and for estimating P/Ds simultaneously for both isolated and non-
isolated buildings), k = 3 appears necessary to substantially enhance the effectiveness of scalar /Ms. In all cases,
the R values corresponding to the obtained 5-dimensional /Ms exhibit small relative errors (no more than 1.9%)
concerning those when using the complete set of 70 scalar /Ms. This indicates that EIM successfully reduces the

number of dimensions of vector-valued /Ms without significantly compromising effectiveness.
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Figure 7. Influence of vector size k on the effectiveness of vector-valued IMs on the testing set.

3.4 Discussions on 2-dimensional effective IMs obtained by EIM

Table 1 lists the 2-dimensional effective IMs (i.e., k=2) obtained by EIM for all the analysis cases. A total of
15 scalar IMs appear in the table, among which 11 are constructed from the frequency-domain response spectrum,
and only four are based on time-domain quantities of the original time histories (e.g., duration 74 and peak ground
velocity PGV). It is also worth noting that PGA, one of the most widely adopted scalar /M for seismic structural
design in most national building codes such as Eurocode8 (1994) and China GB 50011-2010 (2010), does not
appear in Table 1. The effectiveness of PGA has been doubted by several existing studies (e.g., Haselton and Baker,
2006; Ye et al., 2009; Lu et al., 2012). On the other hand, some less commonly-used scalar /Ms, such as /. and
FRy, are present in Table 1, suggesting that these scalar /Ms may not be effective if used alone but may contribute

a lot to the effectiveness of vector-valued /Ms when combined with other scalar /Ms.

Table 1 Two-dimensional effective /Ms obtained by EIM.

Case  Target structures Target response  Effective vector-valued /Ms

1 PID [EPV, = w VSIy = o7 $.(T)dT]
2 Non-isolated PFV [eh = PGV - TS, MDSI = [, 22" S4(T) dT]
3 PFA [Soave = 220U R, = PGA/PGY]
4 PID [DSL = [, S4(T)dT, MDSI = [ 2" S4(T) dT]
PFV DSI, = [*0S4(T)dT, I, = AL, - T,°5
Isolated [DSL = [, Sa(T) s Ta ]
6 PFA Jor Satrar s
[EPAy = 222 DSI, = [7 S4(T) dT]
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Out of the 11 frequency-domain scalar /Ms listed in Table 1, eight involve the integration of the response
spectrum within specific period ranges. It is important to note that the initial fundamental periods are 71=0.59 s
for the non-isolated structure, 77=1.20 s for the isolated structure before the isolator yields, and the isolation period
with the post-yield tangent stiffness is 3.91 s. The period range of integration is not necessarily centered at the
initial fundamental periods of the structures.

To elucidate the rationale behind the choice of integration period ranges, Figure 8 illustrates the response
transfer functions of the PID response at the bottom floor, PFV response at the roof, and PFA response at the roof
for the two exemplary structures. These transfer functions represent the system's ability to translate each frequency
component in complex signals into structural responses. They are evaluated by subjecting both the non-isolated

and base-isolated structures to white noise excitation ao(f) with acceleration amplitudes of either 0.01g or 0.8g.

| --------- 0.01g white noise 0.8g white noise I

Target responses

PID | PFV | PFA
0.08 8 o
! 71=0.59s  (b) 1 (©
]
2| =006 h 6t '-‘,
= 3 1 S I\ Tup0.48s
2| 2004 g4t iy / T,-0.225
! ]
5| S A ' A
Z| 2002 =t
8
% 0
= 2 8 T
z © 5; ®
o | 15 =6
= ~ & 8
A E . 3,0 0 meows
1 N 4 >
% Q Iz, E ] |‘ " 1>=0.36s
o) Y A A ! \ ,,I
s = 0.5 2 RN '
b - N -
: 0 0 k : . .
0 05 1 15 2 0 1 2 3 4 5 0 1 2 3 4 5
Frequency (Hz) Frequency (Hz) Frequency (Hz)

Figure 8. Amplitude of (a) bottom floor PID, (b) roof PFV, and (c) roof PFA in the non-isolated structure; and
(d) isolation layer PID, (e) roof PFV, and (f) roof PFA in the base-isolated structure.

As can be seen in Fig. 8(a) and (d), the PID response is primarily governed by the first-mode vibration, and
the equivalent fundamental periods of the structures, Teq1, are substantially extended when the structures sustain
significant nonlinearity. Therefore, the effective /Ms for PID mainly encompass response spectral values at the
fundamental periods (MDSI in Case 4 and 7) and those in the long-period range (e.g., DSI, VSl,, and EPD).
Regarding PFV, as depicted in Fig. 8(b) and (e), it is also predominantly influenced by the first-mode vibration,
resulting in similar effective /Ms to those for PID. For the PFA responses, Fig. 8(c) and (f) show that they are not
dominated by the first mode but responds significantly in the second mode. Consequently, in addition to the

spectral values at longer periods, significant influences are observed from the response spectral values at higher-
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mode periods (EPA; in Case 6, S, ave in Case 3, and Sx in Case 9).

These observations are consistent with the findings of several existing studies. Haselton and Baker (2006),
Yahyaabadi and Tehranizadeh (2011), Maraf et al. (2016), and Bojorquez et al. (2017) verified the necessity of
considering frequency components that are not close to the first-mode frequency. Furthermore, for EDPs like PID,
which are dominated by the first mode, /Ms which consider the higher modes effect fail to perform well while

IMs with the spectral values in the range of the elongation periods are more effective (Zhou and Li, 2015).
4 Application of EIM to an example task

In this section, EIM is applied to the skyline-based selection of most unfavorable ground motions (Shi et al.,
2013) for the two example structures to show its superior performance in terms of both accuracy and
computational efficiency over other existing methods of constructing effective vector-valued /Ms. The following
four existing methods are incorporated in the comparison: the principal component analysis (PCA) (Liu et al.,
2018), mean impact value method (MIVM) (Wang and Peng, 2019), iteratively eliminating method (IEM) (Xu et
al., 2022), and sequential floating forward selection (SFFS) algorithm (Yan et al., 2022).

Most unfavorable ground motions are those showing the highest potential for damaging a structure. The
skyline-based selection is based on skyline query technique proposed by Balke and Guntzer (2004) to solve multi-
objective optimization problems. Given a dataset {S}, a subset {SS} is its skyline if each data point in {SS} is not
dominated by any other point in {S}. For two vectors 4 and B, 4 dominates B if all elements in 4 is no less than
the corresponding element in B and at least one element in A is greater than the corresponding element in B.

In the skyline-based selection of most unfavorable ground motions, each ground motion record in the seed
database is firstly replaced by a vector-valued /M which is supposed to properly represent the damage potential
of ground motion. The vector-valued /Ms of all the seed record form the dataset {S}, and then an iterative
algorithm is applied to find its skyline subset {SS}. The records corresponding to {SS} are taken as the most
unfavorable ground motions. The detailed algorithm of finding the skyline subsets is referred to Shi et al. (2013).

In the described procedure, a pivotal and crucial step involves the selection of an effective /M to compose
the dataset. Shi et al. (2013) employed [Sa(T1), Sa(T2), Sa(T3), Sa(1.5T1), Tq] as the IMs, denoted as IMsp; hereafter,
in their skyline-based selection method. Here, T; represents the i"-mode period of the target structure, and Ty is
the effective duration of the record. Zhai and Xie (2007) utilized a different vector-valued IM, [PGA, PGV, PGD,
EPV, T4, denoted as IMzx hereafter, in identifying the most unfavorable ground motions. Both vector-valued
IMs are 5-dimensional.

Consequently, EIM and the aforementioned four methods from the literature are implemented to identify
effective 5-dimensional /Ms (i.e., k=5) for estimating the PID of both the non-isolated and isolated example
structures (i.e., Case 7). Similar to EIM, both the IEM and SFFS methods necessitate the establishment of a neural
network to map /Ms to EDPs, using the training set described in Section 3.2. The resulting 5-dimensional /Ms

from the various methods are listed in Table 2, alongside /Mspni and IMzx.

Table 2 The vector-valued /Ms for skyline-based selection of most unfavorable ground motions.

Notation Method 5-dimensional /M
IMz7x Zhai and Xie (2007) [PGA, PGV, PGD, EPV1, Tq]
IMsyi Shi et al. (2013) [Sa(T1), Sa(T2), Sa(T3), Sa(1.5T1), T4]
IMpca Principal component analysis [CAD, 14, Ip, Drs, Dgq)

IMyivm Mean impact value method [Sa(Tr), MDSI, So(T1), Sai23, Sni]
IMipm Iteratively eliminating method [MDSI, Ir, DSL, VS, Ip]

IMsprs Sequential floating forward selection [MDSI, IMh2, S«(T1), DSL, EPV1]
IMem Express iteration method [MDSI, EPD, S4«(T1), Sa(Th), EPV1]
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After determining the vector-valued /M for the skyline-based selection, the testing set of 974 ground motion
records described in Section 3.2 were used as the seed dataset. For each /M, a somehow different skyline subset
of most unfavorable ground motions was extracted by the skyline query from the seed dataset. They differ in both
the number of ground motions and the potential in damaging the target structures. A vector-valued /M is deemed
to be most effective if it leads to the smallest subset that imposes the most severe structural damage in terms of
PID.

Table 3 shows number of most unfavorable ground motions in each skyline subset and the mean x and
standard deviation o of the PIDs of both target structures subjected to them obtained by NTHA. All the skyline
subsets contain much less ground motions than the complete seed database, but their number of ground motions
vary from 7 to 101. MIVM, SFFS and EIM perform similarly by identifying approximately 30 most unfavorable
ground motions from the 975 seed motions. In terms of damaging potentials, SFFS and EIM outperform the others
by raising the mean PID from 0.05 m to 0.16 m for the non-isolated structure and from 0.20 m to more than 0.5

m for the isolated structures.

Table 3 Comparison of skyline subsets of most unfavorable ground motions by different /Ms.

No. ground PID of non-isolated structure PID of isolated structure
Subsets motions u (m) o (m) 4 (m) o (m)
Seed 975 0.05 0.05 0.20 0.19
IMzx 101 0.11 0.06 0.36 0.20
IMspi 66 0.11 0.05 0.27 0.14
IMpca 7 0.11 0.04 0.33 0.11
Skyline by IMyivm 28 0.15 0.04 0.28 0.12
IMEm 60 0.14 0.07 0.49 0.24
IMsrrs 38 0.16 0.07 0.54 0.21
IMEmnv 37 0.16 0.07 0.53 0.21

Figure 9 compares the PID distributions for both target structures when subjected to seismic actions from the
seed database (grey bars) and the skyline subsets (dark red bars). The number of records in each skyline subset
varies but is consistently much smaller than that of the seed database. Although they include some ground motions
that result in large PIDs, the ZX and Shi subsets contain a large number of ground motions that can hardly be
deemed as unfavorable for their small resultant PIDs. The PCA subset contains only 7 records, none of which
results in a most unfavorably large PID. The MIVM subset performs well for non-isolated structures by including
the top four records with the largest PIDs. However, it falls short when applied to isolated structures. The IEM,
SFFS, and EIM subsets prioritize records with the largest PIDs while avoiding the smaller ones. More importantly,
they consistently perform well for both target structures. This highlights that the vector-valued /Ms determined by
IEM, SFFS, and EIM are more effective in assessing the damage potential of ground motions for both non-isolated

and base-isolated structures, thereby enhancing the skyline-based ground motion selection method.
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Figure 9. Distribution of P/Ds for (a) non-isolated and (b) base-isolated structure.

While IEM, SFFS, and EIM demonstrate similar effectiveness, EIM surpasses the former two methods in

terms of computational efficiency. Table 4 illustrates the time spent by the three methods in constructing effective
vector-valued /Ms. All three approaches entail an initial time cost to pre-establish the machine learning mapping
between IMs and EDPs. However, unlike EIM, both IEM and SFFS necessitate the recurrent establishment of the
mapping during the iterative process of constructing the /Ms, consuming the majority of the computation effort.
EIM attains superior efficiency by circumventing the need to update the nonlinear mapping throughout the process,
while concurrently preserving the effectiveness of the resulting vector-valued /M. Compared to the existing

methods of similar effectiveness, the computational cost of the proposed EIM was two orders of magnitude smaller.

Table 4 The computational time spent by different methods (unit: minute).

Task IEM SFFS EIM
Initial mapping 5.7 5.7 5.7
Iterative construction 1596.0 1995.0 2.5
Total 1601.7 2000.7 8.2

5 Insensitivity of EIM to the number of ground motions

Given practical considerations, the number of nonlinear time history analysis (NTHA) are usually restrained
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for a specific building, due to the limitations in the number of available ground motions and the computational
cost of complex finite element models. However, EIM employs the nonlinear mapping between /Ms and EDPs to
obtain effective IMs, thus using more ground motions for NTHA can increase the richness of the training data and
improve the accuracy of the nonlinear mapping. In the related studies such as Yan et al. (2022), Xu et al. (2022),
Ding and Feng (2023), the number of ground motions used for training the nonlinear mapping were 500, 30000,
and 160, respectively. Facing such a contradiction, the vector-valued /Ms constructed by EIM is expected to be
insensitive to the number of ground motions when the training data size is scant.

To verify the insensitivity of EIM, the relationship between the number of ground motions used and the
prediction accuracy R is shown in Fig. 10, taking both the non-isolated and base-isolated structures as an example.
It can be seen that using more ground motions tends to improve the prediction accuracy R, due to the prediction
ability of machine learning models will increase as the training data size increases. An approximate 1% increase

in the accuracy R is observed each time the number of ground motions used for training is doubled.

1 A
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S 096 R
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@ 0941 , 0
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5 092 -6 = PFA
>

09 T T T T T

9 18 36 73 146 292 584
Number of ground motions

Figure 10. Relationship between the number of ground motions used for training and the validating accuracy R.

As the number of ground motions used decreases from 584 to 292 or 146, the 5-dimensional effective IMs
(i.e., &=5) obtained by EIM are listed in Table 5. It can be seen that the 5-dimensional effective /Ms obtained by
EIM maintain relative stability even with a significant reduction in the number of ground motions for training.
For PID and PFV responses, a shift in only one of the five dimensions of the /Ms is observed when the mapping
is trained with 292 or 146 ground motions rather than 584 ones (EPV to I.n and Sq(T1) to FRe for PID, I. to PSD
and MVSI to PSD for PFV, respectively); for PFA response, one or two components of the five-dimensional /Ms
change when the training data size decreases (MASI to Sa(71), VSIkappos and MASI to EPA; and Py, respectively).
This suggests that the proposed EIM is insensitive to the number of ground motion records used for training the

nonlinear mapping, as long as the mapping maintains a high level of accuracy.

Table 5 Five-dimensional effective /Ms obtained by EIM.

Number of ground .
Target structure  Target response . . Effective vector-valued /Ms
motions for training
584 [MDSI, EPD, Si(T1), Sa«(T1), EPV1]
PID 292 [MDSI, EPD, S«(T1), Sa(T1), Len]
146 [MDSI, EPD, S«(T1), EPV1, FRe]
584 [IM1», FRs, PGV, MVSI, I.]
Both PFV 292 [IM1», FRs, PGV, MVSI, PSD]
146 [IM2, FRs, PGV, I., PSD]
584 [Sn2, MDSI, EPA>, VSIkappos, MASI]
PFA 292 [Sn2, MDSI, EPA>, VSIkappos, Sa(T1)]
146 [Sn2, MDSI, MASI, EPA,, P\]
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6 Conclusions

This paper proposed a novel express iteration method (EIM) for constructing effective vector-valued /Ms for
engineering structures. The proposed method is implemented for a base-isolated structure and its non-isolated
counterpart to illustrate its procedure and performance. The vector-valued /Ms obtained by EIM are compared
with those by another four existing methods in the literature in selecting the most unfavorable ground motions for
both the example structures. The following conclusions are drawn from the results.

(1) Vector-valued IMs can substantially improve the effectiveness of scalar /Ms. The performance R of an IM
significantly improves when its dimension & increase from 1 (i.e., scalar) to 2 or 3, but it makes little change to
further increase the dimension.

(2) The effective IMs for PID and PFV mainly include as their elements the response spectral quantities not
only near the fundamental periods but also in longer period ranges. For the PFA response, the responses spectral
quantities at higher-mode periods play an important role. In all the cases, PGA is excluded as an effective gradient
in the vector-valued IMs.

(3) EIM is insensitive to the number of ground motion records used for training the nonlinear mapping when
the mapping maintains a high level of accuracy. When the number for ground motions used for training the
mapping decreases from 584 to 146, only one or two components out of the five-dimensional /Ms obtained by
EIM will be altered.

(4) The computational cost of the proposed EIM was two orders of magnitude smaller as compared to the
existing methods of similar effectiveness. In selecting the most unfavorable ground motions, EIM performs
similarly well with the state-of-art methods in terms of effectiveness but at much lower computational cost by
avoiding updating the nonlinear mapping during the process.

EIM’s application is not limited to the example structures in this study, given a proper mapping between
scalar IMs and target EDPs of the target structure. Neither is it limited to the example task of most unfavorable
ground motion selection. It can be applied to all tasks that involve vector-valued /Ms, including but not limited to
multi-dimensional fragility analysis, incremental dynamic analysis, and real-time seismic damage prediction.
However, the lack of real-world structural monitoring data, especially under moderate to severe seismic
excitations, makes the establishment of the priori nonlinear mapping highly rely on numerical analyses, the
accuracy of which may have great influence on the performance of machine learning-based methods such as [EM,
SFFS and EIM. In addition, the /M-EDP mapping of any specific building is unique, thus the machine learning

mapping is not universal and needs to be re-established for a different implementation scenario.
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634 Appendix A:

635 Table A1 Basic information of the selected 70 scalar /Ms.
No. Description Definition Reference
1 Peak ground acceleration PGA = maxliiy(t)| /
Peak ground velocity PGV = max|i, (1) /
Peak ground drift PGD = max|uy(t)| /
Sustained maximum )
4 . SMA = the 3 of PGA Nuttli (1979)
acceleration
5 Sustained maximum velocity SMV= the 31 of PGV Nuttli (1979)
6  Peak spectral acceleration PSA = maX(Sal (T)) /
7  Peak spectral velocity PSV = max(Sv(T)) /
8  Peak spectral drift PSD = maX(Sd (T)) /
Spectral acceleration at the
9 . Sa(Tl) = Sa(T = Tl) /
first natural period
Spectral velocity at the first
10 : Sy(Ty) = Sy(T =Ty) /
natural period
Spectral drift at the first
11 : Sa(Ty) = Sqa(T =T) /
natural period
Cumulative absolute &
12 , CAA = f litg(0)|dt Kramer (1996)
acceleration 0
tf
13 Cumulative absolute velocity ~ CAV = J- |ug(t)|de Mackie (2004)
0
Lt
14 Cumulative absolute drift CAD = f lug(t)|de Mackie (2004)
0
tf
15  Squared acceleration Agq = f ilé(t)dt Nau and Hall (1984)
0
Lt
16  Squared velocity Vig = f ug(t)de Nau and Hall (1984)
0
tf
17  Squared drift Dgq = f uZ(t)dt Nau and Hall (1984)
0
18  Root square acceleration Aps = [Agq Housner (1970)
19 Root square velocity Vis = |Vsq Xu et al. (2022)
20  Root square drift Ds = [Dgq Xu et al. (2022)
Ly
21  Earthquake power index a =71 f iig (t)dt Housner (1975)
27 /gy
1 ta
22 Earthquake power index P, = P— J- ug(t)dt Xu et al. (2022)
27 Jgy
1 t2
23 Earthquake power index Py = p— J- uZ(t)dt Xu et al. (2022)
27 hJgy
24 Root mean square acceleration A, = \/Fa Housner and Jennings (1964)
25  Root mean square velocity Vims = \/FV Housner and Jennings (1964)
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30

31

32

33

34

35

36

37

38

39

40

41

42

43
44
45

46

47

48

49

Root mean square drift
Acceleration spectrum

intensity

Velocity spectrum intensity 1

Velocity spectrum intensity 2

Drift spectrum intensity 1

Drift spectrum intensity 2

Modified AST

Modified VSI

Modified DSI

Kappos modified VSI

Effective peak acceleration 1

Effective peak acceleration 2

Effective peak velocity 1

Effective peak velocity 2

Effective peak drift

Effective duration

Characteristic period

Frequency ratio 1
Frequency ratio 2
Frequency ratio 3

Frequency ratio 4

Frequency ratio 5

Frequency ratio 6

Arias intensity

Dims = \/P_d

0.5
ASI = f S.(T)dT
0.1
2.5
VSl = f S,(T)dT
0.1
2.0
VSI, = f S,(T)dT
0.7
4.0
DSI, = f Sq(T)dT
2.5
5
DSI, = f Sq(T)dT
2

1.25T;

MASI = f S,(T)dT
0.5T;

1.25T
MVSI =f S, (T)dr
0.5T;
1.25T
MDSI =f Sq(T)dT
0.5T;
127y
VSIkappos = f Sy(T)dT
0.8T;
S.(T)dr
EPA, = f — 55
S.(T)dT
EPA, = f — 55
[25,(T)dT
EPV, = —2 5
[0 5,(T) dT
EPV, = —2 5
J, Sa(T)dT
EPD = %5
Td = tz - tl
fozs"s (T)dT
Tg

f0015 S,(T)dT

FR, = PGA/PGV
FR, = PGA/PGV

FR; = PGV /PGA
FR, = PGD/PGV

FRs = PGD/PGA
FRs = PGA/PGD

T (U
Iy = —f ii2(t)dt
29 J, &
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Housner and Jennings (1964)

Von Thun (1988)

Von Thun (1988)

Mackie (2004)

Mackie (2004)

Bradley (2011)

Lucchini et al. (2013)

Lucchini et al. (2013)

Lucchini et al. (2013)

Kappos (1990)

Benjamin and Associates (1988)

Ding et al. (2020)

FEMA (1994)

Von Thun (1988)

Inferred by the authors
(refer to EPA, and DSI»)
Trifunac and Brady (1975)

ATC (1978)

Gehl et al. (2013)

Sucuoglu and Nurtug (1995)
Inferred by the authors
(refer to FRy)

Bommeret al. (2000)
Inferred by the authors
(refer to FRy)

Inferred by the authors
(refer to FRy)

Arias (1970)



o . 1 4, .
50  Velocity intensity Iy = PGV fo ug(t)dt Mackie (2004)
1 te
51  Drift intensity Ip = PCD fo ug(t)dt Mackie (2004)
tf ..o
52 Cosenza intensity — fO ig(t)dt Cosenza et al. (1998)
2~ PGA- PGV
53 Riddell intensity I, = PGA-T,? Riddell and Garcia (2001)
54  Characteristic strengths I, = A5 - T4*® Park et al. (1985)
55  Riddell intensity I, = PGV?/3 - Ty /3 Riddell and Garcia (2001)
56  Riddell intensity Ig = PGD - T,;"* Riddell and Garcia (2001)
57  Fajfar intensity Iz = PGV - TS Fajfar et al. (1990)
58  Cheng intensity I, = PGV - T{™® Cheng and Ye (2008)
59  Hadiani intensity Iyp = /PGV " Agq Hadiani et al. (2013)
60  Ags intensity Ags = 0.764]0438 Sarma and Yang (1987)
61  Aptikaev intensity L, = PGA - Durdoca Aptikaev (1982)
1
62  Modified Arias intensity Iam = v—i Araya and Saragoni (1980)
0
5
63  Average acceleration spectrum Syave = fO Sa(T) dT Xu et al. (2022)
’ 5
5 Inferred by the authors
64  Average velocity spectrum - fO $v(T) dT Y
vave 5 (refer to S, ave)
5 Inferred by the authors
65  Average drift spectrum - Jy Sa(T) dT Y
dave 5 (refer to Su, ave)
66  Period elongation intensity 1 IM;, = S,(T})%°5,(2T,)%5 Vamvatsikos and Cornell (2005)
67  Period elongation intensity 2 Sy; = S,(T;)%°S,(1.5T;)%° Lin et al. (2011)
. . . IM123 .
68  Higher modes intensity 1 13 13 13 Vamvatsikos and Cornell (2005)
= Sa (Tl) Sa (Tz) Sa (T3)
69  Higher modes intensity 2 Snz = Sa(T)0755,(T,)0%5 Lin et al. (2011)
S = 0.85,(T
70 Higher modes intensity 3 123 a(h) Shome (1999)

+0.155,(T,) + 0.055,(T5)

636  Symbols in Table A are explained as follow:

637 ug(t), ug(t) and iiy(t): Displacement, velocity and acceleration at time ¢, respectively.

638 S4(T), S,(T) and S,(T): Displacement, velocity and acceleration response spectrum with damping ratio 5% at
639  period T, respectively.

640 t1 and #: Time corresponding to 5% and 95% of Arias intensity, respectively.

641 tr: Total duration of ground motion.

642 vo: Number of zero-crossings occurrence of the ground motion record per unit time.

643
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645

646

647
648
649
650
651
652

Appendix B:
Table B1 Parameters of the modified Takeda model.
Story  Mass(ton)  we(m)  Qc(kN)  w(m) QN uwm 0 (kN)
9 428.57 0.00010 420 0.00124 4620 0.00494 11550.00
8 5448.98 0.00059 5950 0.00286 19552 0.01542  48880.00
7 4142.86 0.00099 11046 0.00404 29459 0.03242  73647.50
6 4704.08 0.00133 17569 0.00470 36735 0.03452  91837.50
5 4826.53 0.00154 23142 0.00532 44357 0.04378  110892.50
4 6530.61 0.00238 25438 0.00964 53189 0.06695  132972.50
3 6887.76 0.00223 31754 0.00802 58217 0.05173  145542.50
2 6489.80 0.00198 37680 0.00682 69564 0.03904  173910.00
1 10581.63 0.00026 25501 0.00096 79690 0.00398  199225.00
Table B2 Parameters of the KikuchiAikenL.RB material.
Number  Type  4:(m?) H:(m) G(kN/m?») 4,(m?> T,kN/m?) op(kN/m?) B
2 1000 0.785 0.20 390 - - - -
52 800 0.483 0.16 390 0.020 7967 583 13
900A 0.605 0.18 390 0.031 7967 583 13
7 900B 0.613 0.18 390 0.023 7967 583 13
43 1000 0.754 0.203 390 0.031 7967 583 13
4 1100 0.912 0.224 390 0.038 7967 583 13
2 1200 1.082 0.238 390 0.049 7967 583 13

Symbols in Table B2 are explained as follow:

Ar and Ap: area of rubber and lead plug, respectively.

H,: Total thickness of rubber.
T}, :Yield stress of lead plug.

op: Shear modulus of lead plug.

f: Ratio of initial stiffness to yielding stiffness.
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