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Current earthquake early warning systems utilize p-wave data to predict the extent of an earthquake
threat and issue warnings at a regional scale. In the assessment of seismic risk, we propose a methodol-
ogy to go beyond ground motion prediction to consider the response of the structure itself. It is a localized
real-time approach where we utilize the first 3 s of data from sensors mounted on a structure to infer the
characteristics of the upcoming earthquake. These parameters are used to simulate ground acceleration
histories and the structural response estimated under each input motion. A structure-specific warning
can then be issued based on the predicted maximum structural response. The method enables probabilis-
tic inference on the structural risk to the earthquake event. In this paper, we describe the proposed
methodology and apply it to an example earthquake. We assess the accuracy of the method, compute
its computational efficiency, and investigate its robustness to uncertainty in system parameters.
Finally, we apply the method to several recorded earthquakes to demonstrate its generalizability. The
approach does not require extensive knowledge of regional earthquakes or site characteristics. Such data,
however, if available, can be easily incorporated to improve the efficiency and accuracy of the method.
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1. Introduction

Earthquakes are among the most significant natural hazards we
face, causing an average of $12 billion in economic damages and
nearly 13,000 deaths annually across the globe [1]. The risk from
any natural hazard depends on the occurrence and extent of the
hazard, vulnerability of the infrastructure, and consequential
effects on the population. With aging infrastructure, growing pop-
ulations in earthquake-prone areas, and an increasing number of
earthquakes including due to human activities such as fracking
and saltwater disposal, global seismic risk is increasing. Effective
earthquake early warning systems would enable protective mea-
sures to be taken and vulnerable populations to seek safety before
the full extent of a seismic event occurs.

The complexity in the nucleation and growth of an earthquake,
however, makes it difficult to accurately predict seismic events.
Recently, several early warning systems have been developed,
which use real-time seismology to issue an earthquake warning,
e.g. Earthquake Early Warning (EEW) program run nationwide in
Japan by Japan Meteorological Agency (JMA), ShakeAlert early
warning system operated in California through California
Integrated Seismic Network (CISN), and Seismic Alert System
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(SAS) running in Mexico City. These systems rely on the real-
time recording and processing of earthquake data. Such models
predict the extent of a regional earthquake threat based on the
content of the seismic wave within the initial few seconds of a
recorded event. We propose an early warning system that goes
beyond ground motion prediction to consider the response of the
structure itself. The objective is to create a methodology that pro-
vides an earthquake early warning based on the anticipated struc-
tural response, which is predicted from information from sparsely
instrumented buildings rather than relying on extensive seismo-
logical data. The proposed localized and structure-specific
approach uses collected data to run simulations and create a suite
of synthetic accelerograms. These accelerograms are then used to
estimate structural responses, with warnings based on predicted
maximum responses.

Specifically, the methodology first takes the data from an
accelerometer placed on the structure and separates the ground
motion and structural response in real time. The initial 3 s of p-
wave data is used to estimate the characteristics of the earthquake,
including moment magnitude, Arias intensity, and hypocentral dis-
tance from the structure. A number of ground motions are then
simulated based on these parameters. From these, we find the
structural response for each simulated ground motion and infer
the maximum structural response due to the upcoming earth-
quake. The future structural response is predicted as the average
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of the responses to the set of predictive simulated ground motions.
The proposed method does not require extensive knowledge of the
regional seismic history, local ground characteristics, or informa-
tion from additional seismograph stations. It is a minimalist
approach, which can, however, be made more accurate if condi-
tioned on additional known seismological information at the site
under consideration.

The rest of the paper is organized as follows: Section 2 provides
background on previous work on seismic risk and earthquake early
warning systems. Section 3 describes the proposed methodology,
including separation of the ground motion and structural response,
early prediction of earthquake parameters, and simulation of
ground motions. The results of the methodology are presented in
Section 4, with the distribution of predicted maximum responses
and root mean square errors of the predictions presented for an
example earthquake. Computational efficiency of the methodology
is investigated, as well as robustness of the method to uncertainty
in assumed system parameters. Finally, the methodology is applied
to several earthquakes to investigate the generalizability of the
methodology across earthquake events.

2. Background

Most of the previous work on structural seismic risk has focused
on assessing risk to a building or region before or after an event has
occurred. Pre-event analyses include recent work in response esti-
mation and building portfolio reliability assessment to compute
seismic loss probabilities [2-3]. Other work includes quantifying
uncertainty in seismic risk assessment [4]| and risk assessment
for particular structures, such as reinforced-concrete frames
[5-6], seismically isolated structures [7]|, and bridges [8].
Post-event analyses focus on damage mapping [9] and assessment
[10] after the earthquake has occurred. In contrast to these studies,
the methodology proposed here is for real-time prediction of seis-
mic risk given the occurring ground motion. This is related to pre-
vious work in earthquake early warning with a focus on structural
response in particular.

The development of earthquake early warning systems using
real-time seismology dates back to Nakamura’s introduction to
the concept of using frequency content of p-waves for inferences
on the characteristics of an earthquake [11]. The frequency content
in the initial few seconds of the p-wave can be analyzed either as
the period of a monochromatic wave (7.) or as the maximum per-
iod (77'*). Kanamori [12] extended Nakamura’'s work to use in
practical real-time seismology. Studies by Wu and Kanamori [13-
16] show a strong correlation between 7. and moment magnitude
M,,. They developed an early warning system based on the initial 3
s of the p-wave by observing 7. and the maximum ground dis-
placement P,. Through the 7. - P; method, P; was found to have
a good correlation with the peak ground velocity (PGV) of the
approaching earthquake. Allen and Kanamori [17] and Olson and
Allen [18] used 77 to develop a similar methodology. Through
the 77 - Py method, their work shows a strong relationship
between T and M,,.

Wurman, Allen, and Lombard [19]; Allen [20]; and Allen et al.
[21] proposed ElarmS, which uses a network-based approach. It
extends the single station approach from previous studies to a net-
work of stations, where the data from the entire network is pro-
cessed simultaneously to issue a regional warning. Cua and
Heaton [22] developed virtual seismologist (VS), using a Bayesian
approach to predict the most probable magnitude and location of
an earthquake given observations through conditioning on histor-
ical data. An extensive data history is required for the prior distri-
butions and conditioning. Wu, Kanamori, Allen, and Hauksson,
[23]; and Shieh, Wu, and Allen [24] found relationships between

the initial ground motion parameters and earthquake characteris-
tics, with these methods subsequently used for earthquake warn-
ing applications in Bose, Hauksson, Solanki, and Kanamori [25];
Bose, Heaton, and Hauksson [26]; and Cheng, Wu, Heaton, and
Beck [27].

All of the described earthquake early warning systems predict
the extent of an upcoming earthquake for a region. These methods
do not account for the behavior of individual structures. Assessing
the seismic risk for a particular building requires a combined anal-
ysis of the ground motion and structural behavior. Therefore, we
move beyond regional earthquake warnings to create a structure-
specific and localized earthquake early warning system. This study
investigates our proposal that from the first 3 s of structural sensor
data, we can obtain predictive characteristics of the earthquake. If
we then simulate a number of ground motions, then the average
structural response will conform to the actual response of the
structure under the approaching earthquake, enabling an early
warning to be issued.

3. Methodology
3.1. Flowchart

The full methodology is shown in the flowchart given in (Fig. 1).
The specific steps of the process are described in detail in the
following sections.

3.2. Separation of ground motion and structural response

In this study, we assume a minimally instrumented building
using low-cost accelerometers. The first step of the process is to
use the data from the accelerometers placed on the structure to
obtain the ground motion signal. If the accelerometer is placed
on the ground at the structure, then it captures the ground motion
directly, but if the same sensor is placed on any other part of the
structure, then it records the sum of the ground motion and the
structural response. Therefore, we need to separate these two ele-
ments from the accelerometer measurements [28]. To do this, the
unscented Kalman filter (UKF) is used as in [29]. In addition, the
sensor recordings contain ambient noise. As shown in [30], the
error in the estimate due to ambient noise reduces significantly
if the sensor is placed on the higher stories of a structure. Hence,
if a structure is instrumented with a single accelerometer, as is
assumed in this study, we recommend that the sensor be placed
on the top story of the building for these applications. The effect
of ambient noise and uncertainty in structural parameters are
studied in [29-30] and the methodology is shown to perform well
even under high uncertainties. Therefore, separate terms for differ-
ent uncertainties are not considered in this analysis.

To separate the ground motion from the structural response, we
begin with the equation of motion for a structure subjected to
ground acceleration

Mii, + Cu, + F(u,) = —Mlg, (1)

where M, C and F represent the mass, damping and spring force
matrices, respectively. us represents displacement of the structure
and ag acceleration of the ground. Defining z": =[uf ullin first-
order form, the equation of motion is

2= [8 - n/i-lc]z * [— M-OlF(z)] " [_"l]ag @

z = A(z) + beay (3)

We discretize Eq. (2) as in [29] to obtain the evolution of the
system from time step k to k + 1
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Fig. 1. Flowchart of the methodology.
Zy1 = Agzg + Fp + bag 4) As it is processed, the ground motion data is simultaneously

where
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17 g eMear

0
k= [C—l (e—M_ICAt -1) F(z)]

bc (e—Zégngt _ -l)

b=
—2&,0g

&g and wy are the effective damping ratio and predominant angular
frequency of the ground, respectively, At is the discretization time
step, b, is as defined in Eq. (3), I is the identity matrix, and 1 is a
matrix with all elements being 1. Equation (4) shows the propaga-
tion of the system state in time. Using the UKF framework enables
us to estimate the relative structural response us and isat every
time step. The UKF framework initially extrapolates the response
at the next time step using the response at the previous time step.
The extrapolated response is then updated by accelerometer mea-
surements to estimate the structural response at the current time
step. The time step used throughout is the sampling time of the
accelerometer.

Now, we define the structural acceleration a,,, as approximated
using the UKF framework
Ay = usnk+1At Usnk (5)
where subscript n represents the nth level where the accelerometer
is placed, and subscript k indicates the kth time step. We use this
structural acceleration to calculate the ground acceleration as

ag = A — Aspk (6)

where ay, is the total acceleration measured by the sensor placed at
the n™ story. From Eq. (6), the ground acceleration and relative
structural acceleration are separated from the measured observa-
tions of the accelerometers.

passed through a 2-pole, 0.075-Hz Butterworth filter. The first 3 s
of the filtered ground motion p-wave acceleration data is recorded
for further analysis and inference. The data is also simultaneously
integrated recursivel 7. y to obtain the ground velocity and dis-
placement response history. As with other EEW systems, it is
assumed that the initial wave arrival corresponds with p-wave
accelerations. If the distance between the investigated structure
and the seismic hypocenter is short, this assumption may not hold.
For a structure some distance from the earthquake hypocenter,
however, this results in a warning time between a few seconds
to 60+ seconds.

3.3. Inferences from first 3 s of p-wave data

The processed data for the first 3 s of the earthquake contains
significant information about the seismic event. The measure of
the frequency content of the recorded data is closely related to
the intensity of earthquake. The peak ground displacement com-
bined with the frequency content provide a good estimate of the
hypocentral distance of the earthquake from the place of interest.
There are two parameters used to measure the frequency content
of the earthquake: [13-16] and Tpmax [17-21].7. is a measure of
the average period of ground motion or the period of the monochro-
matic wave. We first compute the moment rate function given as

He U2 (t)de

r= o2 (t)de )

where 7, is 3 s from the onset of p-wave arrival, (t) is the ground

motion velocity, and u(t) is ground motion displacement. Parseval’s
theorem suggests that

LA o Pl rdf

Jo () *df
where f is the frequency, ii(f)is the frequency spectrum of u(t) and

<f*> is the average of f*> weighted by [ii(f)|>. Combining the
moment rate function and Parseval’s theorem gives

42 < 2 > (8)
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_ 1 _2=
<f*> vr

Te =

9)

Tp'*, unlike 7, is not the average period with respect to the fre-
quency content of the wave. Rather, it is the dominant period of
the wave in the period under consideration. 7, is determined recur-
sively as a time series from the waveform. It contains the informa-
tion about the frequency content of the seismic waveform up to the
time at which it is calculated. Therefore, we calculate 7, at every
time step and the maximum of 7, during the 3 s is 7j*. 7, is calcu-
lated as

1y = 2m, [ (10

where k corresponds to the kth time step and

Xi = 0Xpq + 12 (11)

dir\*
Dk = OCDk71 —+ (E) (12)
k

where 1, is the velocity at the kth time step and « is a smoothing
constant taken to be 0.99. The calculations for 7, are started at t =
0.05 s rather than t = 0.00 s to avoid any error due to noise before
the arrival of the p-wave in the recursive formulation.

The peak ground displacement (PGD) in the first 3 s is an impor-
tant parameter as it correlates with the final peak ground velocity
and hypocentral distance. Hence, we also record the PGD P, con-
tained in the first 3 s of the p-wave calculated from the integration
of the separated ground motion acceleration signal.

3.4. Early prediction of earthquake parameters

The measured frequency content of the early p-wave is corre-
lated to the moment magnitude of the earthquake. Although no
direct relationship has been established, several empirical studies
relate moment magnitude to the parameters calculated above.
We use the results of these studies together to estimate a nominal
mean moment magnitude M, for the earthquake. The following
empirical relations taken from the corresponding references are
used: [24,16,23,20,18,19]

M, = (T +7.76)/1.56 (13)
M,, = (log,oT. + 1.462)/0.296 (14)
M,, = 4.218 x log,,7 + 6.1666 (15)
My, = 6.3 + log;yT"™ + 7.1 (16)
My, =7 xlog;g7,™ + 5.9 (17)

M,y = {(0.36 + log,oPGA — 0.93 « log,,P4) — 5.495}/(—0.615)
(18)

where PGA and P, are peak ground acceleration and displace-
ment, respectively, for the initial p-wave data.

From the above relations, we calculate the mean and standard
deviation of the estimated moment magnitude of the earthquake
using the approximations from each of the empirical relations.
Due to uncertainty in this estimation and differences among the
empirical relations, we create an array of 100 realizations of the
moment magnitude for this earthquake by drawing randomized
normally distributed values about the mean with the calculated
standard deviation.

The next step is to predict the earthquake parameters:
hypocentral distance R, significant duration ts_gs, and Arias inten-
sity I,. We predict the hypocentral distance R (km) from the site
of interest based on the frequency content of the seismic wave
and the PGD during the recorded 3 s. The empirical relation relat-
ing the hypocentral distance to the PGD (cm) and moment magni-
tude is [23]

M,, — 4.748 — 1.371  log, P4
1.883

Note that M,, is now an array of 100 realizations. Therefore, we
obtain an array of 100 values for R corresponding to each realiza-
tion of moment magnitude.

The significant time duration ts_gs, defined as the time occurring
between 5% and 95% of Arias intensity, is related to the moment
magnitude and hypocentral distance. There are three possible rela-
tions, given in Eqs. (20)(22), which can be used to find t5s_o5 with
respect to each moment magnitude realization [31,32,33]

log,oR =

(19)

ts_o5 = 0.02 exp(0.74M,,) + 0.3R (20)
ts_os = 11.2M,, — 53 (21)

10got5_05 = —1.3877 + 0.2451 « M,, + 0.6280 * log,,\/4.5> + R*
(22)

Equation (21) works well only for M,, > 6 [32]. As an objective
of this study is to create an automated system for earthquake early
warning that is applicable across magnitudes of earthquake events,
this relation is not used. We have found Egs. (20) and (22) to pro-
duce similar results. However, Eq. (22) is more computationally
expensive. Therefore, Eq. (20) is used in this study. It is noted that
unlike M,, the precise value of t;_gs does not significantly affect
the outcome of the simulated ground motion. Therefore, while all
6 empirical relations are used to estimate M,,, and the mean and
standard deviation of the result used for subsequent sampling, only
one relation is used here. The result of this step is an array of 100
values for t5_gs.

Arias intensity depends on the acceleration content of the seis-
mic waveform. In general, the Arias intensity of an earthquake is
calculated as the sum of Arias intensities of the motion in both hor-
izontal directions, i.e., I, = Igw + Ins. In this study, we estimate the
total horizontal Arias intensity based on moment magnitude,
hypocentral distance, and soil class [34]. However, we need the
Arias intensity specific to the dominant direction. We approximate
the predominant Arias intensity to be a mean 60% of the total hor-
izontal intensity [35]. Equation (23) gives the Arias intensity for
each site class multiplied by a randomized factor k sampled from
a truncated normal distribution with mean 0.6 and varying
between 0.5 and 0.7 with standard deviation 0.1. € is a random
error normally distributed with zero mean and specified standard
deviation.

Soil classB I, = k « exp(2.071M,, — 2.178 InR — 8.492 + (0, 1.29))
(23-1)

Soil classC I, = k = exp(2.290M,, — 1.245InR — 13.539 + (0,1.23))
(23-2)

Soil classD I, = k x exp(2.155M,, — 1.3231nR — 11.920 + (0, 1.25))
(23-3)

Soil classE I, = k = exp(1.746M,, — 1.5851nR — 7.409 + (0, 0.82))
(23-4)
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Thus, we estimate the Arias intensity for the predominant direc-
tion for different site classes. However, if the site class is unknown,
then conservatively site class D may be used. In this study, for a
general structure situated on a site, we have assumed the site class
to be D. If further information is available about the site of interest,
the relation for that particular site class may be used. The result
from this step is an array of 100 values of Arias intensity.

3.5. Simulation of ground motions

Next, we simulate synthetic ground motions using the pre-
dicted earthquake parameters. This is done by modulating a nor-
malized white noise process in time as in [36-37]. We choose a
gamma modulating function given as

q(t, o) = oy t*2 lexp(—ast) (24)

where q(t, o) is the time-modulating function, t is time, and,
o = (o, 0,03) are the parameters controlling the properties of
the function. o; controls the intensity of the process, o, the shape,
and o3 the duration of the motion. We use Arias intensity I,, signif-
icant duration ts_g5, and the time of occurrence of the maximum
shaking t;; defined as the time of 45% Arias intensity to calculate
the parameters of the modulating function.

We estimate the total period of the seismic motion as 3 times
the significant duration [34]. The maximum intensity of an earth-
quake typically occurs during the initial phase with a longer
right-side tail. Therefore, we factor the total time by a randomized
factor normally distributed about a mean of 3 with standard devi-
ation 0.5 to estimate t,;;. Now, we calculate a as

o = ! (25-1)
— 0 ]\ Alrig + g
0 = tmig * 03 + 1 (25-2)
B (20(3)2“27]
o=\l Fig =) (25-3)

We estimate the impulse response function (IRF) of the filter as
the pseudo acceleration response of a single degree of freedom lin-
ear oscillator as

@r(7)

N exp[—{op(T)(t—T)] *sin {a}f(r) 1-((t— 1)} Tt
‘:!’

h(t—1,7)=
0 otherwise

(26)

where t is the time at the kth step under consideration, and
both t and 7 range from O to the total time duration.

We approximate the filter frequency wy and filter damping ratio
{s using the count of zero-level up-crossings [32]. We count the
cumulative number of zero-level up-crossings at each time step
during the recorded 3 s of motion and find the best second-order
curve-fit approximation for it. The slope of the curve gives wy as
a function of time. We are assuming {; to be independent of time.
It is estimated using the cumulative count of positive minima and
negative maxima in the recorded motion compared to the count
for a target accelerogram of the same duration for {; values
between 0.1 and 0.9. We assume the directional components of
the ground motion to be correlated to follow the same trend.

The discretized model for the ground acceleration a; is given as

k-1

ag(t) = q(t, o)« > _{si(t, tywi} (27)
i1

where

h(t - t;, ;)
k
ijlhz(f ),

k is chosen such that t, = t and w represents zero-mean white
noise. We note that this simulation process slightly overestimates
the response over the period of the seismic event, and it should be
passed through a high-pass filter. However, we use the original
simulation result as the ground acceleration in this study to be
conservative in the estimation. From this process, we obtain 100
sets of time histories of the ground motion, corresponding to the
100 sets of estimated earthquake parameters. We are then able
to predict the maximum structural response for each simulated
ground motion using Eq. (4).

S,‘(t, fi) = (28)

4. Results

We apply the proposed methodology to a single degree of free-
dom lumped mass system to estimate the maximum displacement
response of a cantilever 12" W10X49 column under an example
earthquake event. The coefficient of damping is assumed to be 5%.
The ground motion used is the Chi-Chi earthquake because of the
availability of consistent high-resolution data across stations for
this event. Results for the application of the proposed methodology
to other earthquakes are provided later in this section. In this sec-
tion, we present results on the efficiency of the proposed method
in terms of number of simulations and computational time, assess
the estimation accuracy of the method, provide probabilistic infer-
ence on structural risk to the earthquake event, and investigate
robustness of the prediction to variation in system parameters.
All the computations are performed in MATLAB R2015a on a Win-
dows desktop computer with 8 GB RAM and 3.60 GHz processor.

4.1. Application of methodology to Chi-Chi earthquake

We first identify the parameters w; and (; for the ground
motion simulation. To estimate wy, we count the cumulative num-
ber of zero-level up-crossings as described in Section 3 and curve
fit this as a second-order polynomial approximation. Its differential
gives a first-order polynomial that represents wy varying in time.

To estimate (s, we compare the cumulative number of positive
minima and negative maxima of the ground motion with that of
simulated accelerograms using different values of ;. As the estima-
tion of {; is based on a cumulative count, a full time history is
required to produce a reliable estimate of {; [32]. Damping ratio
is a ground property and we treat it as a constant predicted from
any known ground motion time history at the site. Fig. 2 shows
the cumulative count of positive minima and negative maxima
for the Chi-Chi earthquake for 3 directions of ground motion and
simulated accelerograms for varying values of {.

From (Fig. 2), the cumulative counts of positive minima and
negative maxima are similar for the 3 components of ground
motion, supporting our initial assumption of a correlation between
the directional components. For each (;, each accelerogram will
produce a different cumulative count plot. The cumulative counts
of positive minima and negative maxima for five different simula-
tions are plotted for each value of {; in (Fig. 2). The plots for differ-
ent accelerograms with similar {, however, are similar and
overlapping as shown in (Fig. 2). Therefore, one simulation for each
(s is sufficient for comparison with the plot from the ground
motion to find the best-fit {;. From (Fig. 2), we choose {; = 0.25,
which negates the error on either side, compared to {; = 0.2 and
{f =0.3, which underestimate and overestimate the ground
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Fig. 3. First 3 s of ground acceleration obtained from sensor measurements.

motion plot, respectively. {; is assumed to be constant and charac-
teristic of the site location, calculated beforehand from any previ-
ous recording of ground motion at the site. Robustness of the
proposed methodology to errors in the estimation of s is investi-
gated later in this section.

Fig. 3 shows an example of the separated ground acceleration in
the first 3 s based on the structural sensor measurements. This
data is used to identify the earthquake parameters as described
in Section 3. From these, we then simulate 100 realizations of
the ground motion, one of which is shown in (Fig. 4).

Under each ground motion simulation, we calculate the abso-
lute maximum response of the structure using Eq. (4). The pre-
dicted maximum response is then estimated as the mean of the
results. This predicted maximum from the first 3 s of p-wave data
is compared to the actual maximum response of the structure
given the full ground motion record to assess the accuracy of the
methodology.

4.2. Estimation accuracy and number of simulations

Fig. 5 shows the variation in the accuracy of the methodology as
a function of the number of ground motion simulations used for
prediction. Each box plot is the result for 100 runs, each using

IS

N
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o
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Fig. 4. One realization of simulated ground motion.
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Fig. 5. Distribution of mean maximum response with varying number of
simulations.

the number of simulations indicated to calculate the mean maxi-
mum response. For each box plot, the box represents the 25th to
75th percentile of predicted responses, the central line within the
box indicates the median, and outliers are indicated as crosses. The
actual absolute maximum response from the full ground motion is
also shown.

In (Fig. 5), the estimated mean maximum response converges to
the actual maximum response with an increasing number of sim-
ulations. The spread of the predicted maximum response also
decreases. The estimated mean converges to a value slightly higher
than the actual absolute maximum response due to the conserva-
tive approach taken in the ground motion simulation process as
described in Section 3.

Fig. 6 shows the variation of the root mean square (RMS) error
for the maximum response and the total simulation time required
to run the methodology for varying numbers of simulations.

In (Fig. 6), we see that increasing the number of simulations
decreases the error in the prediction. However, the cost of compu-
tation increases, as measured by the simulation time. The RMS
error using 100 simulations is 3.17% of the actual maximum
response compared to an error of 55.33% for a single realization.
The time taken for 100 simulations is 1.79 s compared to 0.033 s
for a single simulation. Looking at the trends of the two plots,
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Fig. 6. RMS error and simulation time vs. number of simulations.

the RMS error decreases exponentially, while the simulation time
increases linearly as the number of simulations used in the predic-
tion increases. As the RMS error decreases with more simulations,
but eventually levels off, whereas the time taken continues to
increase, using 100 realizations offers a reasonable tradeoff
between accuracy and computational time. In addition, 1.78 s of
processing time from an initial 3 s of data is an acceptable time
for an earthquake early warning system, particularly considering
full ground motion durations of 100-150 s. Hereafter, 100 simula-
tions of the ground motion are used for the results presented in
this study.

4.3. Probabilistic inference on structural risk

Fig. 7 shows that the distribution of the predicted maximum
response follows closely the lognormal distribution. The mean
and standard deviations of the fitted lognormal probability density
function (PDF) are within 1% of the mean and standard deviations
of the realizations. The fit is shown in the cumulative distribution
function (CDF) given in (Fig. 8) as well, which plots the CDF of the
realizations compared to the CDF for a fitted lognormal distribu-
tion. The highlighted boxed values are probabilities of not exceed-
ing the actual (14.21 in) and estimated mean (14.81 in) maximum
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Fig. 7. Distribution of simulated maximum responses and fitted lognormal PDF.
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responses. Due to the conservative approach, there is a lower prob-
ability of exceedance for the estimated response. From (Fig. 7) and
(Fig. 8), we see that a lognormal distribution can be used to esti-
mate the probability of exceeding the safe threshold of a structure.
Calculating the probability of exceedance can be used to make
inferences on the level of risk for a structure under a particular
earthquake event, resulting in a warning being issued or the deci-
sion for preemptive shutdown of elevators or gas lines.

4.4. Robustness to errors in estimation of ground parameters

In Section 3, we described estimating the value of ground
damping parameter {; using the cumulative count of positive min-
ima and negative maxima for the recorded ground motion com-
pared to simulated accelerograms. We propose estimating (s
beforehand from previous recordings of ground motions at the site
and with the calculated value taken as a constant site parameter.
Hence, {; is only a function of the site and independent of other
parameters. This assumption, however, introduces potential errors
into the methodology. Here, we investigate the performance of the
methodology given errors in the estimation of the parameter . In
(Fig. 9), we show the predicted maximum response compared to
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the actual response for varying values of {; from 0.10 to 0.40 in
steps of 0.05, as well as for parameter values randomized normally
with mean 0.25 and standard deviations 0.05 and 0.10. 100 realiza-
tions of the ground motion are used to calculate the mean absolute
maximum response for each case.

Fig. 9 shows the variation of the predicted mean maximum
response for different values of {;. We see that though the error
increases with increasing error in estimation of {, the predicted
response is within 10% of the actual response, on either side of
the values of {; = 0.25. Additionally, the prediction shows a consis-
tent trend over the range of {;, and the two cases of randomized
parameter values correspond well with the case of a deterministic
{r=0.25.

4.5. Robustness to uncertainty in structural parameters

The proposed methodology requires input structural parame-
ters to calculate the structural response for each realization of
ground motion. Structural parameters are typically estimated or
modeled, for example, based on design drawings. There is uncer-
tainty in this estimation, however. In the analyses thus far, we have
used the assumed nominal values of the structural parameters. It is
important to also assess the performance of the proposed method-
ology under the case of varying structural parameters subject to
uncertainty. To do this, we lognormally vary the mass m, stiffness
k, and damping c of the structure over a range of coefficients of
variation (c.0.v.) and means as the nominal values. Fig. 10 shows
the estimation results for c.o.v. of m and k ranging from 0% to
20% with a step size of 1% and c.o.v. of ¢ varying from 0% to 40%
in increments of 2%. For each of the 100 ground motions, we draw
20 and 100 realizations of m, k, andc for each value of c.o.v., and the
responses for all 100 ground motion simulations are estimated.
The calculated mean of 20 and 100 mean maximum absolute
responses at each variation in c.o.v. are shown.

Noting the ordinate scale, Fig. 10 shows the prediction of the
maximum response to be robust to uncertainty in the structural
parameters. For 20 realizations of m, k, and c, the maximum error
is less than 4.5% of the estimated maximum response using the
nominal values. For 100 realizations, the maximum error is less
than 1.7%. The slight upward trend in the predicted mean maxi-
mum response as c.0.v. increases is due to the right skewness of
the lognormal distribution. It is noted that a random variation of
20% c.o.v. for m and k and 40% for c is a significant variation from
the nominal values. The accuracy of the prediction at such values
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Fig. 11. Computational time vs. number of degrees of freedom of the structure.

shows the robustness of the methodology to uncertainty in the
estimation of these structural parameters.

4.6. Cost of computation with increasing number of degrees of freedom

We have used a single degree of freedom system to demon-
strate the methodology. However, it is also important to analyze
the cost effectiveness of the methodology for higher degrees of
freedom systems. In (Fig. 11), we compare the computational time
required to run the methodology for systems with 1, 10, 100, and
1000 degrees of freedom. We first generate 100 simulations of
the ground motion and calculate the response of the system under
each of the ground motion realizations. We then calculate the
mean of the absolute maximum response at every degree of free-
dom, which is the predicted maximum response at that degree of
freedom.

In (Fig. 11), we see that there is only a slight increase in the
computational time as the number of degrees of freedom increases.
Specifically, the computational time increases from 1.78 to 2.07 s
when increasing from a single to 1000 degrees of freedom system.
This is due to the majority of the total time being utilized by the
simulation of ground motions. Once we have the 100 ground
motion realizations, we are able to calculate the structural
response for each realization in parallel. Hence, the computational
time is restricted not by the number of degrees of freedom of the
system but the number of ground motion realizations. We note
that we are using a sampling time of 0.004 s, corresponding to a
sampling frequency of 250 Hz. This is equal to the sampling fre-
quency of the accelerometer used to record the data for the Chi-
Chi earthquake. If the sampling frequency is higher, then the com-
putational time will be higher. A higher sampling frequency, how-
ever, provides more information, resulting in more accurate
estimations. Hence, there is a tradeoff between accuracy and com-
putational time for varying accelerometer sampling frequency. It is
also noted that for practical structures, we can compress the actual
system to use a model with fewer degrees of freedom if desired.
The increased number of degrees of freedom could also increase
the accuracy of prediction based on sensor placement or number
of sensors as shown in [28-30].

4.7. Performance of methodology across range of earthquake events

Finally, we investigate the performance of the methodology
across a range of earthquake events. These earthquakes are chosen
to demonstrate the generalizability of the methodology across geo-
graphical locations and fault types. Table 1 provides the earthquake
event, data sampling frequency, actual moment magnitude M,,,
predicted M,, using the relations described in Section 3, and ground
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Table 1
Performance of the methodology for several earthquakes.

Earthquake Sampling frequency (Hz) M,, actual M,, predicted Cs Actual response (in) Estimated response (in) Percentage error (%)
Chi-Chi 250.0 7.6 7.3 0.3 14.2 14.8 3.9

British Columbia 200.0 5.6 5.8 0.4 0.7 1.0 37.0

Manyjil, Iran 100.0 7.4 6.4 0.2 11.6 125 7.8

Alaska 100.0 7.9 7.6 0.2 7.3 8.2 124

Chile 100.0 8.2 7.7 0.2 2.7 3.2 18.5

Napa, CA 200.0 6.0 6.2 0.2 8.4 9.2 8.8

damping ratio ;. The next two columns show the actual maximum References

response of the structure under the full earthquake event and the
predicted maximum response using the proposed methodology.
The last column shows the percentage error between the actual
response and estimated response. From (Table 1), we see that while
there is some variation in the accuracy of the estimated response
across the earthquake events, the methodology based on the 3's
of initial data from building-mounted accelerometers is able to per-
form the prediction across a range of magnitudes of the maximum
structural response. For smaller responses, the percentage error is
larger but the absolute difference is low.

5. Conclusions

The proposed methodology provides an estimation of the max-
imum response of a structure under an earthquake threat. Based on
the predicted maximum, a localized earthquake early warning can
be issued. We use information from the first 3 s of data recorded by
accelerometers placed sparsely on the structure, rather than exten-
sive seismograph data, to estimate various earthquake parameters
for modeling the ground motion. We find 100 ground motion sim-
ulations to achieve a reasonable trade-off between estimation
accuracy and computation time. The methodology for maximum
response prediction is shown to be robust to uncertainties in the
estimation of both ground and structural parameters, and applica-
ble across earthquake-prone regions.

We infer the risk to a structure based on the predicted maxi-
mum response. However, we can also look at the projected total
response of the structure depending on the criteria defined for fail-
ure. To show the generalizability of the method, in this study we
did not include specific seismic or site information in the calcula-
tions. In the case of regions where studies have defined the rela-
tionships between various earthquake parameters, for example,
studies for the California area on the relationships between
moment magnitude, significant duration, and hypocentral dis-
tance, that information can be included in the methodology for
improved estimates through fewer simulations. Information on
fault type and soil class can also be easily incorporated for
improved site-specific results.

The methodology for earthquake early warning enables compu-
tationally efficient probabilistic inference on the specific structural
risk under an earthquake threat rather than issuing a regional
warning. The system can be augmented through incorporation of
any known seismic information at the site under consideration.
However, we have shown that even with a minimalist approach,
the information from accelerometers mounted on a structure can
be used for real-time response prediction to issue a structure-
specific earthquake early warning. The estimated response can be
used to issue a warning based on a pre-designated threshold for
maximum structural response. As shown in the results, inference
on structural risk can be made based on the probability of exceed-
ing a threshold. This predicted response can also be used in active
or semi-active stiffness or damping control systems. The method-
ology reduces the uncertainty inherent in earthquake event and
impact estimation to predict localized structural seismic risk.
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