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Accelerogram-Based Method for Quick
Assessment of Liquefaction Occurrence

Weiwei Zhan, S.M.ASCE'; and Qiushi Chen, A.M.ASCE?

Abstract: An accelerogram-based method is developed and validated for the quick assessment of liquefaction occurrence based on ground
motion records. In this method, two frequency-related ground motion indices, termed RL and MIFr, are defined and extracted from accelero-
grams using signal-processing techniques. RL and MIFr indicate the richness of the low-frequency components and the temporal variation
rate of the mean instantaneous frequency in the ground motion records, respectively. A new liquefaction database consisting of ground motion
stations with both ground motion records and the corresponding liquefaction observations is compiled. Logistic regression is used to develop
a new liquefaction classification model that takes RL and MIFr as inputs and calculates a liquefaction indicator (LQI) that can be used to
assess liquefaction occurrence. The performance of the proposed method is evaluated and compared with existing accelerogram-based lique-
faction assessment methods using a common database, and the method is further validated using a new liquefaction data set. The proposed
method demonstrated superior performance, with an overall accuracy of 92.8% for the common data set. The proposed method has promising
potentials for applications in real-time disaster mitigation systems and rapid postearthquake loss estimations. DOI: 10.1061/(ASCE)
GT.1943-5606.0002577. © 2021 American Society of Civil Engineers.
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Introduction

Earthquake-induced liquefaction is one of the leading causes of
earthquake damage worldwide. Common approaches of liquefaction
triggering assessment include the simplified stress-based procedure,
regional liquefaction hazard mapping approaches, laboratory and
physical model testing, and computational mechanics—based ap-
proaches. Among them, the simplified stress-based procedure (Seed
and Idriss 1971; Seed et al. 1985) is the most commonly used
method in practice to predict liquefaction triggering. In this pro-
cedure, liquefaction triggering is assessed through the comparison
of two variables (Youd et al. 2001): (1) cyclic stress ratio (CSR),
representing the seismic demand on a soil layer, and (2) cyclic re-
sistance ratio (CRR), representing the capacity of the soil’s resistance
to liquefaction. CRR is commonly evaluated using field tests such
as the standard penetration test (SPT) (Seed and Idriss 1971; Seed
et al. 1985; Cetin et al. 2004; Idriss and Boulanger 2008; Boulanger
and Idriss 2014; Juang et al. 2012), cone penetration test (CPT)
(Robertson and Wride 1998; Moss et al. 2006; Boulanger and
Idriss 2014; Ku et al. 2012; Chen et al. 20164, b), and shear-wave
velocity measurements (V) (Andrus and Stokoe 2000; Kayen et al.
2013).

Regional liquefaction hazard mapping approaches often rely on
surficial geological data and knowledge of past occurrence of lique-
faction (Youd and Perkins 1978), or supplement geological data
with geomorphological data (Matsuoka et al. 2015) and geotechnical
data (Baise et al. 2006; Holzer et al. 2011; Chen et al. 2016a, b;
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Wang and Chen 2018). Liquefaction assessment methods using
broadly available geospatial proxies have also been developed (Zhu
et al. 2015, 2017). Regional mapping approaches provide the assess-
ment of liquefaction triggering on a large scale and can be used for
rapid response and loss estimation. Laboratory testing (e.g., cyclic
triaxial and cyclic direct simple shear tests) and physical model test-
ing (e.g., shaking-table tests and centrifuge tests) allow for the study
of the liquefaction triggering mechanism in a controlled environ-
ment, with direct measurement of pore-water pressure generation
and shear strain development. They can provide valuable insights
into the liquefaction.

However, the applications of laboratory and physical model
testing are limited due to challenges such as obtaining undisturbed
samples and relatively high costs. Computational mechanics—
based approaches can predict pore pressure generation within an
effective-stress site response framework and have been used to
evaluate liquefaction triggering (Matasovic and Hashash 2012).
However, continued efforts in terms of model calibration, valida-
tion, and result interpretation are needed for this type of approach
(NASEM 2016).

Recently, accelerogram-based approaches that determine the
occurrence of liquefaction based on only ground motion records
have been developed (Suzuki et al. 1998; Miyajima 1998; Ozaki
1999; Kostadinov and Yamazaki 2001; Yuan et al. 2010; Ozener
et al. 2020). Accelerogram-based methods’ real-time application
is promising as inexpensive and broad networks of ground motion
monitors are developed in the fields of both earthquake engineering
and seismology, such as low-cost accelerometers for structural
health monitoring, the community seismic network (Clayton et al.
2015), and the smartphone seismic network MyShake (Kong et al.
2016). The SUPREME system in the Tokyo urban area (Shimizu
et al. 2000) shows a good example of applications of accelerogram-
based methods in quick response to liquefaction hazard for large
and wide pipeline networks.

Basically, given ground motion records (which have been in-
creasingly available), one can use an accelerogram-based method
to quickly (in real-time) determine if liquefaction has occurred or
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not at discrete locations. Accelerogram-based approaches typi-
cally extract some characteristics of ground motion record
(termed as ground motion indices), and use some classification
models (e.g., threshold values), to determine if liquefaction has
occurred. Suzuki et al. (1998) were among the first to propose
an accelerogram-based approach for liquefaction occurrence
detection. Suzuki et al. (1998) used four ground motion indices,
i.e., the horizontal peak ground acceleration (PGA), maximum spec-
trum intensity, maximum horizontal ground displacement, and zero-
crossing period. Liquefaction is considered to have occurred if all
four indices exceed certain threshold values. Miyajima (1998) clas-
sified the possibility of liquefaction occurrence to low, high, and very
high using a point system and four ground motion indices derived
from the horizontal and vertical component accelerograms, i.e., the
maximum ratio of vertical to horizontal acceleration amplitude, the
ratio of low-frequency portion to the whole area of the Fourier am-
plitude spectrum, the averaged predominant frequency, and the
maximum decrease rate of the predominant frequency.

Ozaki (1999) used two horizontal accelerograms and defined
a ground motion index, i.e., the ratio of Arias intensity of filtered
to nonfiltered acceleration time history, to classify occurrence
of liquefaction into no liquefaction, possible liquefaction, and
liquefaction. Kostadinov and Yamazaki (2001) processed the
three-component accelerograms and used the mean instantaneous
frequency and the peak ground velocity to classify sites into no
liquefaction, liquefaction suspicion, and liquefaction. Yuan et al.
(2010) used the time-frequency decreasing ratio of surface accel-
eration calculated by the zero-crossing method to identify the oc-
currence of liquefaction. Ozener et al. (2020) compared the modal
frequency corresponding to the maximum power at each time step
with its fitted step function to determine the liquefaction trigger-
ing time.

The effectiveness of an accelerogram-based approach for lique-
faction detection depends on both the indices extracted from ground
motion records and the classification model that classifies liquefac-
tion occurrence based on the extracted indices. It is important to ex-
tract ground motion indices that best characterize the effect of
liquefaction on ground motion records. Commonly, ground motion
indices are divided into four categories, i.e., amplitude, frequency,
energy, and duration. Kostadinov and Yamazaki (2001) evaluated
the performance of the amplitude-, frequency-, and energy-related
ground motion indices of different accelerogram-based approaches
in liquefaction occurrence assessment and found that frequency-
related ground motion indices are the most effective ones.

For the classification model, all the existing accelerogram-based
approaches use simple threshold values of selected ground motion
indices to determine liquefaction occurrence. These threshold val-
ues are usually determined from a relatively limited number of
ground motion records and liquefaction observations of several
earthquakes, which may limit their applicability and effectiveness
to new cases. For instance, Miyajima (1998) recommended that the
threshold value of the proposed ground motion indices be cali-
brated when applying the method to different earthquakes.

In this work, a new accelerogram-based method is proposed for
the quick assessment of liquefaction occurrence based on observed
liquefaction modification effects to the surface accelerograms. A
rigorous regression analysis—based classification model is devel-
oped using two representative frequency-related ground motion in-
dices as explanatory variables. In order to train the classification
model, a comprehensive liquefaction database consisting of 135
ground motion stations with both ground motion records and lique-
faction observations is compiled. Receiver operating characteristics
(ROC) analysis is used to determine an optimal threshold value
when a binary classification is desired. The developed model is
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then evaluated and compared with existing accelerogram-based
methods using a common data set, and is further validated using
anew data set to demonstrate its predictive capability and potential.

Characteristics of Ground Motions at Liquefied Sites

The ground motions of liquefied sites have shown some distinct
characteristics when compared with those of nonliquefied sites
(Kramer et al. 2015). The development of an accelerogram-based
liquefaction detection method hinges upon identifying and
extracting these characteristics. In this work, two frequency-related
characteristics of ground motions of liquefied sites are discussed.
As will be shown in subsequent sections, these two characteristics
motivate the definition of two ground motion indices used for the
proposed liquefaction model development. The north—south (NS)
direction accelerogram recorded at the ground surface of the Wildlife
Liquefaction Array (WLA) is used to illustrate these two character-
istics (Fig. 1). The WLA site was confirmed liquefied during the
1987 M,, 6.6 Superstition Hills earthquake based on the evidence
of extensive sand boils in the ground surface and high pore-water
pressure ratios measured by installed piezometers (Kramer et al.
2018).

Rapid Frequency Drop

Analyses of accelerogram records have revealed that there is often a
rapid drop in ground motion frequency when liquefaction is trig-
gered, and there is an increasing prevalence of low-frequency mo-
tions in the latter part of a ground motion (Kramer et al. 2015).
Depending on the timing of liquefaction occurrence, this rapid
liquefaction-induced frequency drop can start at a different time
within an accelerogram. Taking the accelerogram of the WLA site
as an example (Fig. 1), a relatively sudden change in frequency
contents can be observed at approximately 13—15 s. Afterward, the
accelerogram is dominated by low-frequency ground motions.
Kramer et al. (2015) explained the mechanism of this
liquefaction-induced rapid frequency drop. When the seismic re-
sponse of a soil profile and surface ground motion is strongly af-
fected by the stiffness of the underlying soil, the high pore-water
pressure reduces the effective stress and thus the stiffness of the
underlying soil. This softening effect of liquefaction allows the site
to transmit more low-frequency ground motions, an extreme case of
which is where fully liquefied soils behave like a fluid that cannot
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Fig. 1. Example ground motion of a liquefied site, the Wildlife Lique-
faction Array, during the 1987 Superstition Hills earthquake. The solid
line is the integral to calculate the Arias intensity.
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transmit S-waves. The intrinsic frequency drop also occurs when
the incoming seismic waves transit from P-waves to S-waves to
surface waves. However, their effects on the frequency drop are
believed to be less significant than the ones caused by liquefaction.
In addition, there are cases where changes in frequency contents
may be difficult to detect, in particular, for sites where liquefiable
soil is underlain by a soft nonliquefiable soil and the ground surface
motion is dominated by low frequencies even before liquefaction
occurs (Kramer et al. 2015).

High-Frequency Acceleration Spikes

The second characteristic of accelerogram records of liquefied sites
is the acceleration spikes in the accelerogram. These acceleration
spikes begin to appear after the initiation of liquefaction, and they
are evident at approximately 15-54 s for the WLA site (Fig. 1).
These acceleration spikes are called high-frequency acceleration
spikes because of the short half-period of their waveform. The
mechanism of this type of acceleration spike is the quick soil stiff-
ness recovery and dissipation of pore-water pressure along with soil
behavior transitioning from contraction to dilation (Kramer et al.
2015). Hence, these high-frequency acceleration pulses are also
called dilatation pulses (Kramer et al. 2015) and cyclic mobility
spikes (Bradley and Cubrinovski 2011) because of their mechanical
origin.

The amplitude of these high-frequency acceleration spikes may
become strong enough to be the PGA of an accelerogram. This
amplitude amplification mechanism is interesting and not yet well
understood because it contradicts the common perception that the
effect of liquefaction is to deamplify the ground acceleration
(Bouckovalas et al. 2016). In terms of energy measures of ground
motion, these liquefaction-induced high-frequency acceleration
spikes can account for a considerable portion of the corresponding
Arias intensity. Take the WLA site as an example (Fig. 1), the high-
frequency acceleration spikes prevail from approximately 15 to
54 s. During this period, the integral to calculate the corresponding
Arias intensity value (represented by the solid line in the figure)
increases from 0.6 to 1.2 m/s (or an increase of 0.6 m/s), which
accounts for approximately 50% of the final integral value, i.e., the
corresponding Arias intensity value.

The aforementioned two characteristics of liquefied accelero-
grams can be challenging to identify in the ground motion records
of some liquefied sites. First, the effects of liquefaction on accelero-
grams are influenced by many site-specific conditions that affect
the liquefaction triggering time and postliquefaction pore pressure
dissipation (Kramer et al. 2016). Second, there are intrinsic changes
in the frequency contents of typical earthquake motion. For
instance, P-waves that arrive first have higher frequencies than
S-waves that arrive shortly thereafter; the surface waves that often
follow the S-waves have lower frequencies than the S-waves
(Kramer et al. 2015). These changes in the frequency contents
may obscure the liquefaction-induced effects on ground motions.
An effective accelerogram-based method requires careful analyses
of frequency characteristics and the use of appropriate indices to
quantify them, as will be discussed in the “Proposed Methodology”
section.

Proposed Methodology

Flow of the Proposed Procedure

The flow of the proposed procedure to assess liquefaction occur-
rence using only accelerograms is illustrated in Fig. 2. The hori-
zontal accelerograms are collected to be the input accelerograms
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Fig. 2. Flow of the proposed procedure to assess liquefaction occur-
rence using accelerograms.

because they are more likely to be influenced by liquefaction than
vertical components, and the interaction mechanism between ver-
tical and horizontal ground motions are not yet well understood
(Miyajima 1998; Kostadinov and Yamazaki 2001). As shown in
Fig. 2, the first step in the procedure is to filter out low-intensity
ground motions that are not likely going to trigger liquefaction. In
this work, a simple PGA threshold value is applied for this purpose.
Then, two frequency-related ground motion indices, the ratio of low-
frequency portion to the whole area of the Fourier amplitude spec-
trum (termed RL), and the mean instantaneous frequency decrease
rate (termed MIFr), are extracted from each horizontal accelerogram.
They are shown as RL; and MIFr; in Fig. 2. For each site, a single RL
and single MIFr value can be obtained by averaging their corre-
sponding values from the two horizontal accelerograms.

At the core of the procedure is a new liquefaction classification
model, which will be detailed in a subsequent section. The liquefac-
tion classification model takes RL and MIFr as inputs and calculates
a liquefaction indicator (LQI) that can be used to assess liquefaction
occurrence. If a binary classification is desired (i.e., liquefied versus
nonliquefied), a threshold value of LQI can be employed. In sub-
sequent sections, key components of the procedure, as well as
choices of PGA and LQI threshold values shown in the flowchart,
will be presented in detail.

PGA Threshold Value

In the proposed procedure, a PGA threshold value is used to filter
out low-intensity ground motions. This is necessary because these
ground motions are not likely to trigger liquefaction. Moreover,
some low-intensity ground motions or noises may possess similar
frequency characteristics of liquefaction-affected ground motions.
In seismic codes and recommendations (de Magistris et al. 2013), a
PGA threshold value is often used as the liquefaction exclusion cri-
terion. Suzuki et al. (1998) used 100 cm/s? as the threshold PGA
value because the liquefaction occurrence was suggested likely when
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the PGA exceeds this value based on Seed and Idriss’s (1971) lique-
faction case history database.

According to a recent database of 201 liquefaction case histories
(de Magistris et al. 2013), the minimum peak ground acceleration
to trigger liquefaction is found to be 0.08¢ (78 cm/s?). This PGA
threshold value is adopted in this work. It is worth mentioning that
other indices, such as the peak ground velocity (PGV), have also
been used for similar purposes. For instance, Kostadinov and
Yamazaki (2001) employed a PGV of 10 cm/s as the threshold
value based on practice in Japan.

RL and MIFr Calculations

Commonly, ground motion parameters or indices are divided into
four categories: amplitude-, frequency-, energy-, and duration-
related ones. Kostadinov and Yamazaki (2001) evaluated the
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performance of the amplitude-, frequency-, and energy-related
ground motion parameters of different accelerogram-based ap-
proaches in liquefaction occurrence assessment and found the
frequency-related parameters are the most effective ones. In this
work, two frequency-related ground motion indices, extracted using
the frequency and time-frequency analyses of the original accelero-
grams, are selected for the purpose of assessing liquefaction trigger-
ing. The first index is the ratio of the low-frequency portion to the
whole area of the Fourier amplitude spectrum, termed RL. The sec-
ond index is the mean instantaneous frequency decrease rate, termed
MIFr. The calculation of these two indices will be illustrated using
the two example accelerograms shown in Fig. 3, one from a liquefied
site [the NS component of Station 57 in the compiled database), and
the second one from a nonliquefied site [the east-west (EW) com-
ponent of Station 98 in the compiled database]. Table S1 summarizes
all ground motion records in the compiled database.

300 - ' Non-lique;ﬁed site

S o -
(=2 -l (=3
oS O (=)

(b) Time (s)
St Non-l{queﬁed site ' '
RL =0.06
~ 4T
o
<2
g
L 37
Q
]
2
a2
g€
<
1 L
0 ‘ ‘ ‘ ‘
0 2 4 6 8 10
(d) Frequency (Hz)
10 — , -
Non-liquefied site
| MIFr = -0.13
|
|
|
—~ |
N
jas) |
=!
=
20 25 30 35
(f) Time ()

Fig. 3. Acceleration time history, RL, and MIFr plots of a liquefied and a nonliquefied site. The dashed line in plots (a), (b), (e), and (f) indicates the
time of PGA. The gray area in plots (c) and (d) represents the portion of the low-frequency components.
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Calculation of RL

Accelerograms at liquefied sites have more low-frequency compo-
nents because the softening effect of liquefaction tends to allow
more low-frequency ground motion components to be transmitted
to the ground. This low-frequency-rich characteristic of ground
motions of liquefied sites was first characterized as the ratio of
low-frequency portion to the total area of the Fourier amplitude
spectrum (RL) by Miyajima (1998). In order to calculate RL, the
accelerogram is firstly decomposed to its frequency domain
through the Fourier transform (FT) as follows:

pur:[f“mwmem (1)

o0

where p(f) = Fourier amplitude spectrum of the original acceler-
ation time history a(t); r = vector of time; f = vector of frequency;
and i = v—1.

Then, RL is calculated using the following equation:

R Jo p()df 2

[32 p(f)af

where f; = upper frequency limit of the low-frequency compo-
nents; and f, = upper frequency limit of the whole-frequency com-
ponents. Rather than using the highest frequency of FT (i.e., half of
the sampling frequency of each ground motion record), f is set to
10 Hz to simplify the calculation of RL; f; is selected as 1 Hz
instead of 2 Hz suggested by Miyajima’s (1998) method because
many case studies suggest the ground motion frequency after lique-
faction initiation is typically less than 1 Hz (Smyrou et al. 2016).

Physically, RL is a ratio of energy measures that indicates the
richness of low-frequency components in a ground motion record.
RL ranges from O to 1, and a large RL means a large portion of low-
frequency components. Results of RL calculation for the liquefied
and nonliquefied accelerogram are illustrated in Figs. 3(c and d),
respectively. It can be easily seen that the liquefied accelerogram
has a larger RL than the nonliquefied accelerogram. However, some
ground motion records recorded at soft soil sites may have high RL
values, which will be discussed in the “Results and Analyses”
section.

Calculation of MIFr

The frequency of liquefaction-affected ground motions can drop rap-
idly after liquefaction initiation due to the significant liquefaction-
induced softening effects (Kramer et al. 2015). To characterize the
frequency variation of the nonstationary ground motion signals over
time, it is necessary to conduct joint time-frequency analysis. Short-
time Fourier transform (STFT) is applied here to decompose the ac-
celeration time series into time-frequency space (Rioul and Vetterli
1991) as follows:

P(r. f) = /_ " aOw(t — 7)1y 3)

o0

where P(t, f) = power spectral density or power spectrum obtained
through STFT; a(f) = acceleration time history; 7 = vector of time
corresponding to the midpoint of each time window of STFT; f =
vector of frequencies at which the STFT is evaluated; and w(t — 1) =
window function where it is nonzero only in a finite region around
time 7, where here a Hamming window of time length of 2.56 s
(Kostadinov and Yamazaki 2001) is used.

As shown in Eq. (3), the basic idea of STFT is to apply a moving
time window to a signal, e.g., the accelerogram, so that the Fourier
transform can be performed on individual intervals of the signal.
The mean instantaneous frequency (MIF) is defined as the
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weighted average of all frequencies present at a given time using
the time-frequency representation of the acceleration time history
obtained from STFT (Kostadinov and Yamazaki 2001)

s
_Jo P f)df
- /s

Jo P(r.frdf
where f; = sampling frequency of each ground motion record; and
MIF(7) = measure of frequency variation of the ground motion re-

cords over time. Then, the mean instantaneous frequency decrease
rate (MIFr) can be defined

MIF(7) (4)

MIF, — MIF,
MIF,

MIFr = (5)

where MIF,, and MIF, = averaged mean instantaneous frequency in
the time interval of [(fpga — ), fpga] and [tpga, (fpga + 1,)], TE-
spectively, where fpga here denotes the time when PGA occurs in
the original accelerogram, and ¢, is the length of the time interval
and is chosen as 10 s in this work to keep the time interval for MIFr
calculation representative for as many ground motion records as
possible. MIFr ranges from negative values to 1. A large MIFr
means the frequency of the ground motions drops rapidly around
the time of its amplitude peak. A small or even negative MIFr
means the frequency of the ground motions drops slowly or even
increases around the time of its amplitude peak, respectively.

For the liquefied and nonliquefied accelerograms shown in
Figs. 3(a and b), the MIF variations within the time interval
[(tpGa — 1), (fpga + 1,,)] and corresponding MIFr values are shown
in Figs. 3(e and f), respectively. The liquefied accelerogram shows a
rapid frequency decrease rate (MIFr = 0.70), whereas the nonlique-
fied accelerogram shows a small negative frequency decrease rate
(MIFr = —0.13).

Logistic Regression Analysis

With values of RL and MIFr extracted from ground motion
records, logistic regression analysis is applied to assess the lique-
faction occurrences. In the logistic regression framework, a lique-
faction probability function (P;) can be defined in terms of the
vector of independent variables X as follows (assuming a
sigmoid-type function):
P (X) = ! 6
L (X) = 14 o0 (6)
where X = vector of independent variables, e.g., X = [RL, MIFr]
in this work; and € = vector of regression coefficients. The Logit
transformation of P; (X) can be expressed

logit[P (X)] = ln{ PLX)

Crm| Y0

The form of decision boundary is defined by 87X term in
Egs. (6) and (7). For the case with two independent variables,
the simple linear and second-order polynomial functions are inves-
tigated in this work [Egs. (8) and (9), respectively]. Other func-
tional forms can also be easily adopted if needed

0TX = 90 + 91)(1 + 92)(2 (8)
GTX = 90 =+ 91)(1 —+ 02)(2 -+ 93)(1 X Xy —+ 94)(% —+ 05){,’% (9)

The maximum likelihood principle is applied to estimate the re-
gression coefficients @. The likelihood function that correlates the
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Table 1. Summary of earthquake data

Latitude  Longitude  Depth

1D Earthquake (degrees)  (degrees) (km) M, Tectenv® Fault type® GM° LQ° References®

1 1964 Niigata, Japan 38.38 139.26 10.0 7.6 2 T 1 1 Abe (1995)
2 1968 Tokachi-Oki, Japan 39.84 143.20 13.2 8.2 0 T 3 1 Abe (1995)
3 1978 Miyagiken-Oki, Japan 38.21 142.02 485 7.6 0 R 1 0 Abe (1995)
4 1983 Nihonkai-Chibu, Japan 40.38 139.17 16.5 7.7 2 R 2 1 ISC (2020)
5 1985 Michoacan, Mexico 18.14 —102.54 15.6 8.0 0 R 5 0 ISC (2020)
6 1987 Superstition Hills, US 33.02 —115.83 9.0 6.6 2 SS 2 1 VDC (2020)
7 1987 Chibaken-Toho-Oki, Japan 35.45 140.38 45.1 6.5 1 SS 5 0 ISC (2020)
8 1989 Loma Prieta, US 37.04 —121.88 175 7.0 2 RO 12 1 VDC (2020)
9 1993 Kushiro-Oki, Japan 42.98 144.34 92.3 7.6 1 N 8 1 Abe (1995)
10 1993 Hokkaido-Nansei-Oki, Japan 42.83 139.23 120 7.7 0 T 4 0 Abe (1995)
11 1994 Northridge, US 34.21 —118.55 17.5 6.7 2 R 10 0 VDC (2020)
12 1994 Hokkaido-Toho-Oki, Japan 43.75 147.29 29.2 8.2 1 T 4 0 Abe (1995)
13 1994 Sanriku-Haruka-Oki, Japan 40.52 143.42 270 7.7 0 T 1 0 Abe (1995)
14 1995 Hyogoken-Nanbu, Japan 34.59 135.01 179 69 2 SS 21 11 VDC (2020)
15 1997 Kagoshimaken-Hokuseibu, Japan 31.95 130.34 7.7 59 2 SS 4 0 Miyake et al. (2003)
16 2010 Darfield, New Zealand —43.53 172.17 1.0 71 2 R 33 2 GeoNet (2020)
17 2011 Christchurh, New Zealand —43.58 172.68 5.0 6.2 2 R 21 9 GeoNet (2020)
18 2001 Nisqually, US 47.17 —122.73 524 6.8 1 N 32 4 VDC (2020)

*Tectonic environment: 0 = interface; 1 = intraslab; and 2 = shallow crustal.
bT = thrust; R = reverse; SS = strike slip; N = normal; and RO = reverse oblique.

“Total number of ground motion records collected from corresponding earthquake in this work.
dNumber of liquefied-site records collected from corresponding earthquake in this work.

°ISC = International Seismological Centre; and VDC = Strong Motion Virtual Data Center.

independent variables X with the regression coefficients 6 is
defined

m

L(6X) = [ JlIP.@O)P" [t = PL(X)) "]

i=1

(10)

where L(0|X) = likelihood function; y() = dependent variable for
case i; and m = total number of cases. If a binary classification is
desired, y) = 1 for a liquefied case and y() = 0 for a nonliquefied
case. The regression coefficients € can be easily solved through
maximizing the log-likelihood function

max In[L(6]X)] = max ;[y@ In P, (X)

+ (1 =y [l =P (X)) (11)

To develop and validate the logistic regression classification
model, a new liquefaction case history database will be compiled
and will be detailed in the next section.

Database of Liquefaction and Ground Motion
Records

In this section, a specifically designed liquefaction case-history
database consisting of ground motion stations with both ground mo-
tion records and the corresponding liquefaction observations is com-
piled. Whether or not a ground motion record is from a liquefied site
is inferred from postearthquake reconnaissance reports and pub-
lished papers. Surface manifestations such as sand boils, ground fis-
sures filled with sand, large permanent displacements or vertical
settlements of the soil, uplifting of pipelines or tanks, tilting of build-
ings, and some foundation failures are used as indicators of lique-
faction occurrence. Depending on the soil profile, however, some
liquefaction evidence such as sand boils may not be observed on
the surface, when liquefaction occurs at a relatively large distance
below the surface (Kostadinov and Yamazaki 2001).
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Kostadinov and Yamazaki (2001) compiled such a database
covering 15 major earthquakes that occurred between 1964 and
1997. The ground motion records were classified into the three
groups based on the following criteria:

* Liquefied sites (LQ): there was clear evidence of liquefaction
manifestation at the recording site.

* Liquefaction-suspicious sites (SUS): there was no direct evi-
dence of surface manifestation of liquefaction at the location
of the recording site. However, liquefaction was observed at
close vicinity (within 50 m) of the recording site or cyclic mobil-
ity at the site was confirmed by an analytical study.

* Nonliquefied sites (NonLQ): there was no evidence of surface
manifestation of liquefaction at the close vicinity (up to 50 m) of
the recording site, nor was there any confirmation of cyclic
mobility.

The database of Kostadinov and Yamazaki (2001) (termed the
K-Y database) includes 11 liquefied sites, 6 liquefaction-suspicious
sites, and 66 nonliquefied sites. In this work, a new liquefaction
database is developed that extends the K-Y database to include four
more recent earthquakes with 109 more ground motion records and
liquefaction observations: the 2002 M,, 6.8 Nisqually earthquake,
the 2010 M,, 7.1 Darfield earthquake, and the 2011 M,, 6.2 Christ-
church. Table 1 summarizes the earthquake information included in
the new database. The total number of ground motion records is
167, and the number of LQ records is 32.

In the new database, only ground motion stations with liquefac-
tion evidence confirmed by literature are labeled as liquefied (LQ).
Nonliquefied sites (labeled as NonL.Q) are either confirmed by liter-
ature or interpreted from remote-sensing images. Because the pro-
posed method aims at a binary classification, the six liquefaction-
suspicious sites (SUS) in the K-Y database are relabeled as liquefied
(LQ) in this database because there is strong evidence of liquefaction
for most SUS sites confirmed by other literature. For instance, the
record from the Treasure Island site during the 1989 Loma Prieta
earthquake was classified as SUS in the K-Y database because the
surface manifestation of liquefaction were found within 100 m of the
seismic station, whereas many studies had shown this site was
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Fig. 4. Magnitude, epicentral distance, and PGA distribution of ground motion records in the training data set.

liquefied. Besides, two weak ground motion records (Nos. 11 and
41) from the K-Y database were removed because they have peak
ground acceleration less than 78 cm/s?.

To evaluate the predictive capability of the proposed
accelerogram-based liquefaction assessment method, the new data-
base is split into training and validation datas ets. Data from Nos.
1-17 earthquakes are used as the training data set. Data from the
2001 M,, 6.8 Nisqually earthquake (No. 18 in Table 1) are used as
the validation data set because detailed liquefaction observations
and ground motions recorded by a dense ground motion network
in the Seattle Basin are available for this earthquake (Frankel et al.
2002). In total, the training data set includes 135 sites, and among
them, 28 are liquefied sites. Complete details of the data in the
training data set are summarized in Table S1.

The source earthquake magnitude of the ground motions in the
training database ranges from M,, 5.9 to 8.2. The epicentral dis-
tance (R.p;) ranges from 2 to 410 km. The PGA ranges from
101 to 1,965 cm/s?. The relationships between epicentral distance
and PGA with earthquake magnitude are shown in Figs. 4(a and b),
respectively. The validation data set includes 32 sites in total, and
among them, four are liquefied sites. The validation data set will be
used for evaluating the performance of the proposed method.

Results and Analyses

In this section, the methodology and the database described in pre-
vious sections are used to develop and validate a liquefaction clas-
sification model. The final form of the developed model is presented
first. The performance of the proposed method is evaluated and com-
pared with existing accelerogram-based methods using a common
data set. Finally, the model is validated using a new data set, the
2001 M,, 6.8 Nisqually earthquake, which is not included in the
training data, to demonstrate its potential and effectiveness.

Developed Liquefaction Classification Model

The training database compiled in the “Database of Liquefaction
and Ground Motion Records” section consists of ground motion
records from 28 liquefied sites (labeled as LQ) and 107 nonlique-
fied sites (labeled as NonLQ). Values of the two ground motion
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indices, RL and MIFr, are calculated for all ground motion records
in the training database. The histograms of RL and MIFr for LQ
and NonLQ cases are shown in Fig. 5, and the relative frequency is
defined as number of occurrences over the total number in that cat-
egory (i.e., LQ and NonLQ). Values of RL range from 0.026 to
0.816 with a mean of 0.175. Values of MIFr range from —0.168
to 0.924 with a mean of 0.386. It can be seen from Fig. 5 that lique-
fied sites tend to have larger values of RL and MIFr, as discussed
previously. The complete results for all sites in the training data set
are included in Table S1.

The scatter plot of RL versus MIFr is shown in Fig. 6. It can be
seen from Fig. 6 that there is a clear clustering of LQ and NonLQ
cases on this RL-MIFr plot, which means that it is possible to de-
velop a liquefaction classification model using these two indices.
Instead of manually drawing a boundary line to separate the LQ and
NonLQ data in Fig. 6, this work applies the logistic regression clas-
sification method described in the “Proposed Methodology” sec-
tion to make the decision boundary more robust. As mentioned
in the “Proposed Methodology” section, linear, and simple nonlin-
ear (second-order polynomials) decision boundaries are tested in
this work. The optimal decision boundary is selected based on
both the model accuracy and its physical implications. The result
of the logistic regression analysis is boiled down to the following
equation:

1

LQr = 1 & oO#4—47 61xRLxMIFr (12)

where LQI is calculated based on the two indices (RL and MIFr)
extracted from accelerograms. LQI is analogous to the probability
of liquefaction (P;) used in many simplified stress-based ap-
proaches for liquefaction assessment (Cetin et al. 2004; Juang et al.
2012). Eq. (12) is a continuous function that gives an LQI value
between 0 and 1. Its three-dimensional (3D) visualization is shown
in Fig. 7. If a binary classification is desired (i.e., liquefied versus
nonliquefied), a threshold value of LQI is needed. In this work,
ROC analysis (Fawcett 2006) is used to select the optimal LQI
threshold, which yields an optimal LQI threshold value of 0.15,
as shown in Fig. 6. Details of the ROC analysis will be presented
in the next section.
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ROC Analysis and Choice of LQI Threshold

ROC analysis can be used to evaluate the model performance and
select the optimal decision threshold value (Fawcett 2006). As
shown in Fig. 8(a), in the ROC analysis, a 2 x 2 confusion matrix
(also called a contingency table) can be constructed representing
the four prediction outcomes of the classification model, namely,
true positive (TP, i.e., liquefaction is predicted and observed), false
positive (FP, i.e., liquefaction is predicted but not observed), true
negative (TN, i.e., liquefaction is not predicted and not observed),
and false negative (FN, i.e., liquefaction is not predicted but is ob-
served). This confusion matrix forms the basis for other perfor-
mance metrics, the examples of which are also given in Fig. 8(a).

The ROC curve in Fig. 8(b) plots the true positive rate (TPR)
and false positive rate (FPR) for varying LQI threshold values. The
diagonal of the ROC graph is interpreted as random guessing, and
classification models that fall below the diagonal are considered as
worse than random guessing. A perfect classifier plots as a point at
(0, 1). The area under the ROC curve (AUC) is equivalent to the
probability that liquefied sites have higher computed LQI than non-
liquefied sites. The range of AUC is from 0 to 1.0, and a lager AUC
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Fig. 7. Three-dimensional visualization of the proposed logistic regres-
sion model [Eq. (12)] for liquefaction classification.

value indicates a better model performance (Maurer et al. 2015).
The AUC of the proposed logistic regression model [Fig. 8(b)]
is 0.977, indicating the model’s good performance. The optimum
decision threshold is defined herein as the threshold LQI value that
minimizes the rate of misprediction [i.e., FPR + (I — TPR)]
(Maurer et al. 2015). Using this criterion, a threshold LQI of 0.15
is selected as the optimum decision threshold for a binary classi-
fication against the training data set [Fig. 8(c)]. When LQI = 0.15
is used as the decision threshold, the proposed logistic regression
classification model has a value of TPR = 0.9643 and FPR =
0.0935.

The histogram of the classification results using LQI = 0.15 is
shown in Fig. 8(d). The success rate of the proposed model is
96.4% (or 27 out of 28) for LQ sites, and 90.7% (or 97 out of 107)
for NonLQ sites, respectively. The only incorrect prediction of
LQ sites (i.e., the FN case) is from the CBGS station in the 2011
Christchurch earthquake (Station 115 in Table S1).

Overall, the model is demonstrated to be effective and shows
promising potential for broader applications because the liquefac-
tion cases included in the database are from different regions world-
wide, covering a wide earthquake magnitude ranges (from M, 5.9
to 8.2) and different fault mechanisms (Table 1). There is a data
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scarcity in the top-right and bottom zones of Fig. 6. For example,
only three ground motion records (Nos. 8, 10, and 11 in Table S1)
are plotted in the bottom zone of Fig. 6, and they were recorded at
soft old lake bed in Mexico City, Mexico, during the 1985 Micho-
acan earthquake and indicated the mechanism of resonant excita-
tion of the shallow sedimentary structure (Anderson et al. 1986).
More ground motion records will be needed to fill in the data scar-
city in these zones in the future to further validate the proposed
model.

Model Evaluation: K-Y Data Set

In this section, the performance of the proposed model is evalu-
ated and compared with four existing accelerogram-based lique-
faction assessment methods using a common data set compiled by
Kostadinov and Yamazaki (2001), termed the K-Y data set. In the
K-Y data set, there are 11 LQ sites, 66 NonLQ sites, and 6 SUS
sites, bringing the total number of sites to 83. The four existing
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methods are the Suzuki method (Suzuki et al. 1998), the Miyajima
method (Miyajima 1998), the Ozaki method (Ozaki 1999), and the
Kostadinov-Yamazaki (K-Y) method (Kostadinov and Yamazaki
2001). The proposed method and Suzuki method both use a two-
level classification (LQ or NonLQ), whereas the other three methods
use a three-level classification (LQ, SUS, or NonLQ). Because the
liquefaction observations in Kostadinov and Yamazaki (2001) were
grouped into three classes, the prediction accuracy of the Miyajima,
Ozaki, and K-Y methods are quantified through directly comparing
the prediction results with the corresponding liquefaction observa-
tions. For the proposed and the Suzuki methods, the SUS cases
are considered as liquefied observations (LQ) because there was rel-
atively strong evidence of liquefaction confirmed by other studies.
In other words, if the liquefaction-suspicious sites are predicted as
liquefied in the proposed and the Suzuki methods, they are counted
as correct predictions.

The performance of the proposed method and the four existing
accelerogram-based methods is summarized in Table 2 in terms of
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Table 2. Performance evaluation of the proposed and four existing
accelerogram-based methods using the K-Y data set

Performance Proposed
metric Suzuki Miyajima Ozaki K-Y method
FPR (%) 9.1 28.8 242 9.1 9.1
TPR (%) 76.5 100 100 94.1 100
TNR (%) 90.9 71.2 75.8 90.9 90.9
ACC (%) 88.0 77.1 80.7 91.6 92.8

Note: Definitions of the performance metrics are given in Fig. 8(a).

the performance metrics defined in Fig. 8(a). The proposed method
yielded the highest overall accuracy, followed by the Suzuki
method, K-Y method, Ozaki method, and Miyajima method. The
TPR and TNR of the proposed method is 100% (17 out of 17), and
90.9% (60 out of 66), respectively. The results of the existing four
methods are reported in Table 2 in Kostadinov and Yamazaki
(2001), and the correct NonLLQ predictions by the proposed method
include the two low-intensity sites predicted correctly because
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of the applied PGA threshold as discussed previously in the
“Proposed Methodology” section.

Model Validation: 2001 M,, 6.8 Nisqually Earthquake
Data Set

In this section, the proposed model is validated using a new data set
not included in the training data set. This new data set consists of 32
ground motion records recorded at the Seattle Basin during the M,
6.8 Nisqually earthquake on February 28, 2001. Information of all
32 ground motion records is summarized in Table S2, and their
locations are marked on the map in Fig. 9. Locations of ground
motion stations are from Frankel et al. (2002), and locations of
liquefaction observations are extracted from Geotechnical Extreme
Events Reconnaissance (GEER) Association renaissance reports
(Bray et al. 2001). A total of four stations were reported by Frankel
et al. (2002) to have liquefied, i.e., Stations SDS, SDW, HAR, and
BOE. Among them, there was liquefaction just a few meters from
Station SDS and liquefaction beneath the basement where SDW
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Fig. 9. Map showing the location of ground motion stations and liquefaction observationsin the Seattle Basin (zoom-in view of the SD array shown in
the inset). (Map sources: Esri, DigitalGlobe, GeoEye, Earthstar Geographics, CNES/Airbus DS, USDA, USGS, AeroGRID, IGN, and the GIS User

Community.)
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was installed. A sand boil erupted adjacent to HAR. For Station
BOE at Boeing Field, extensive liquefaction from the Nisqually
mainshock was reported for this area.

The epicentral distance of these ground motion stations ranges
from 51 to 68 km with an average value of 57 km, and the PGA
values range from 32.6 to 408.0 cm/s> with an average value of
193.9 cm/s?. The large distance from the recording sites to the hy-
pocenter of the mainshock and the small distance between different
recording sites imply that the variation of these ground motions is
more likely caused by local site effects and basin effects than the
rupture directivity and focal-mechanism effects (Frankel et al.
2002). This Nisqually earthquake data set makes a great validation
case for the proposed classification model because the ground mo-
tion records are recorded by a rare dense array of ground motion
stations located close to each other, and the variation is more likely
caused by local site effects.

RL and MIFr of all 32 ground motion records are calculated and
plotted in Fig. 10 along with the proposed model as the boundary
between liquefied and nonliquefied cases. The proposed model suc-
cessfully predicted two out of four liquefied cases, and 27 out of 28
nonliquefied cases, respectively. The three sites with incorrect pre-
dictions are the HAR, EVA, and SDS sites, and all are marked in
Fig. 10. These three incorrect predictions are worthy of a closer
investigation.

First, site HAR is a false negative case (i.e., liquefaction is
not predicted but is observed). Frankel et al. (2002) reported
that a sand boil erupted adjacent to the HAR site shortly after
the earthquake, which implies that the liquefaction effect on the
ground motion at this location could be delayed. Moreover, the
HAR can be considered a marginal case in the model prediction
because it is located right on the model boundary line, as shown
in Fig. 10.

Site EVA is a false positive case (i.e., liquefaction is predicted
but is not observed). EVA is a stiff-soil site that had been affected
by the basin effect that induced longer-period ground motions, as
analyzed by Frankel et al. (2002). The temporal overlap of the
low-frequency waves induced by basin effect and the high-
frequency S-phase waves caused the rapid drop of mean instan-
taneous frequency at EVA site (MIFr = 0.584), leading to its
misclassification.
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Fig. 10. Classification results of the 2001 Nisqually earthquake data set.

The third incorrect prediction, the SDS site, is a false negative
(i.e., liquefaction is not predicted but is observed). This false prediction
is mainly caused by the abnormal north—south accelerogram compo-
nent (Fig. 11 shows both the north—south and east-west accelerogram
components at the SDS site). This one-sided cusped waveform may be
induced by the dynamic soil-structure interaction because the overlaid
structure is 200 m long in the north—south direction.

Furthermore, SDN, SDS, and SDW were deployed in a triangu-
lar array (denoted as the SD Array and shown in the inset of Fig. 9),
with a distance of 200 m apart, all located on the artificial fill south
of the Seattle, Washington, downtown area. The recorded PGAs are
243, 356, and 408 cm/s? for SDN, SDS, and SDW, respectively
(Table S2). This large variation of ground motion amplitudes
among such a small area is an indication of different subsurface
soils and potential soil-structure interaction effects.

Finally, the proposed method also demonstrated its robustness
when applied to soft-soil sites. In the 2001 Nisqually earthquake
validation data set, there are eight soft-soil sites: HAR, NOR,
BOE, KDK, and PIE, and the three sites of the SD Array (SDN,
SDS, and SDW). Among them, four were observed to be liquefied
(HAR, BOE, SDS, and SDW), and four were nonliquefied (NOR,
KDK, PIE, and SDN). These soft-soil sites are located on the arti-
ficial fill and young alluvium, and most of them have a V i3, value of
less than 180 m/s [i.e., a National Earthquake Hazards Reduction
Program (NEHRP) Class E]. Among them, the two misclassified
sites (HAR and SDS) have been discussed. It is worth pointing
out that the model successfully predicted all four nonliquefied sites.
In other words, none of these soft-soil nonliquefied sites are misclas-
sified as liquefied sites, although there are significant low-frequency-
wave components in their ground motions.
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Fig. 11. Acceleration time histories recorded by the SDS station during
the 2001 Nisqually earthquake.
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Discussion

The accelerogram-based method developed in this study has
demonstrated superior performance for quick assessment of lique-
faction occurrence. There remain, however, challenges with respect
to class imbalance, liquefaction observation uncertainty, and potential
data biases. The effects of these challenges on model performance are
analyzed and discussed in this section, and the supporting figures and
tables are included in the Supplemental Materials.

Class Imbalance Effect

Class imbalance problem refers to the problem where the total
number of data in the positive class (e.g., liquefied) is far less
than the total number of data in the negative class (e.g., nonli-
quefied). Class imbalance has a strong influence on the proba-
bilities of a logistic regression model (Zhu et al. 2017). The
class imbalance of the training data set is clearly shown in Fig. 6,
where the ratio of LQ to NonLQ records is 28:107 (or about 1:4).
To investigate the effect of the class imbalance problem, a down-
sampling strategy is implemented. In the process, all 28 LQ sites
in the training data set are kept and a random sampling of 28
NonLQ sites from the 107 NonLQ sites is conducted. Then, a
logistic regression model is trained, and the corresponding LQI
threshold value is determined following the same procedure de-
scribed in the previous methodology sections. This process is re-
peated 10 times, i.e., 10 random samplings of 28 NonLQ sites are
taken. Coefficients of the logistic regression and the performance
metrics of the corresponding classification models are summa-
rized in Table S3. It can be seen that the reported AUC and ac-
curacy are preserved for all 10 downsampling realizations. Then,
the averaged regression coefficients and LQI threshold are used as
the parameters of a new classification model. The classification
results of this new model are shown in Fig. S1 (LQI threshold
is rounded to 0.5 in the figure).

Comparing Fig. S1 (results of the new model) and Fig. 6 (results
of the original model), it can be observed that the decision boun-
dary lines of the original and new classification models are quite
similar. Their main difference is the LQI threshold. Because the
LQI threshold is determined from the ROC analysis (described
in the “ROC Analysis and Choice of LQI Threshold” section),
it is expected that the LQI threshold can be influenced by the model
coefficients and the training data set. The new model with a LQI
threshold of 0.5 leads to one more false negative prediction and two
fewer false positive predictions.

The performance of the original model and the model trained
using the downsampling method is further analyzed using perfor-
mance metrics including TPR, FPR, and accuracy (ACC). Table S4
summarizes the comparison of the two models evaluated against
the training and validation data sets. For the training data set,
ACC of the new model increases slightly (from 0.919 to 0.926),
whereas TPR decreases (from 0.964 to 0.929). TPR, FPR, and
ACC are the same when the new and original models are evaluated
against the validation data set. For this work, a higher TPR value is
desired because a false negative prediction may lead to severe con-
sequence (i.e., failure to alarm the liquefaction may result in more
severe loss than to falsely alarm the liquefaction in a real-time
liquefaction hazard response system). Therefore, the original model
[Eqg. (12)] is recommended over the one built on the downsampling
strategy.

Liquefaction Observation Uncertainty

A liquefaction database may contain false negatives and false pos-
itives due to liquefaction observation uncertainty (Boulanger and
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Idriss 2016). To investigate the potential effects of this uncertainty
on the proposed model, the six liquefaction-suspicious sites (SUS),
which were labeled as liquefied (LQ) in the model development,
are relabeled as nonliquefied (NonLQ) in this section. A new model
is then trained using the same method (but with these six SUS sites
labeled as NonLQ). The performance metrics of the original and
new models are compared in Table S5 and visualized in Fig. S2
for both the training and validation data sets. The results suggest
the liquefaction observation uncertainty of the six SUS sites
slightly affect the classification boundary line, and the new perfor-
mance metrics are comparable to the original model.

Potential Sources and Effects of Data Biases

The frequency-related ground motion parameters (RL and MIFr)
and the performance of the proposed model [i.e., Eq. (12)] are sub-
ject to the influence of data bias of various factors such as nearby
structures, earthquake source, and tectonic environment, which are
investigated and discussed in this section.

Nearby Structures

Structures and foundations could affect the liquefaction triggering
and liquefaction-related behavior in the soil (Bray and Macedo
2017; Bullock et al. 2019; Karimi et al. 2018). The observation
data in the compiled database are grouped into the free-field ob-
servations (total of 78) and observations near structures (total of
57). The type of observations is determined based on information
reported by Kostadinov and Yamazaki (2001) (for the first 81 re-
cords in Table S1) and by Kaiser et al. (2012) (for the New
Zealand earthquake data). Analyses are then performed on each
data type.

Fig. S3 plots the histograms of RL and MIFrs for free-field and
near-structure ground motions. Both free-field and near-structure
histograms suggest higher RL and MIFr values for liquefied ground
motion records, which is consistent with the observations when
grouping all liquefaction observations together. There is no clear
trend separating the free-field histograms from the near-structure
histograms. Fig. S4 shows the liquefaction classification results
for the training data set separated by types of liquefaction obser-
vation (free-field versus near-structure) and instrument. The perfor-
mance metrics are summarized in Table S6.

These analyses suggest that the calculated RL and MIFr values,
and the proposed model, is not significantly impacted by the type of
ground motions, i.e., free-field and near-structure ground motions
(Fig. S3). In other words, these results suggest that the structures do
not severely modify the two frequency-related ground motion
parameters. On the other hand, however, a nearby structure is
known to significantly affect ground deformations of liquefiable
sites (Bray and Macedo 2017; Bullock et al. 2019; Karimi et al.
2018). The effect of nearby structure on other ground motions
parameters would warrant future studies in this area.

Earthquake Event

To make sure the proposed model is not biased toward a specific
earthquake, the AUCs and performance metrics (TPR, FPR, and
ACC) of the model when applied to individual earthquake events
are summarized in Table S7. Events with only liquefied or with
only nonliquefied observations are excluded because the calcula-
tion of AUC requires both liquefaction and nonliquefaction. Events
with total observation number under 10 are also excluded in the
table because the limited sample size will introduce large variability
of classification model performance metrics. The model performs
well on the four earthquakes (out of the 17 earthquakes in the train-
ing data set) with AUC values greater than 0.6.
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Fault Type

The effect of fault type on the model performance is evaluated and
summarized in Table S8. Most of the ground motions in the training
data set are from the earthquakes occurred on reverse faulta (71/135),
followed by strike slip (32/135). According to Table S8, the devel-
oped model performs well on these two fault types with AUC values
greater than 0.97. The model has better performance when applied to
ground motion records induced by normal and thrust fault (AUCs are
1) than those induced by a reverse oblique fault. However, because
the number of ground motions of earthquakes occurred on normal,
thrust, and reverse oblique faults are relatively small in the training
data set (8, 12, and 12, respectively) (Fig. S5), additional data will be
needed to further evaluate the fault type effects on the model
performance.

Tectonic Environment

The tectonic environment of the earthquakes in Table 1 has been
grouped by three classes: interface, intraslab, and shallow crustal,
according to Bozorgnia et al. (2020) and Gingery (2014). The ex-
ceptions are the 1994 Northridge and 1997 Kagoshimaken earth-
quakes (Nos. 11 and 15 events in Table 1), which were not reported
in the literature, and are classified to be in shallow crustal tectonic
environment in this work following the procedure described by
Bozorgnia et al. (2020). The effect of tectonic environment is then
evaluated and summarized in Table S9. Most of the ground motions
in the training data set are from the shallow crustal environment
(106/135). But according to Table S9, the developed model has
equal or even better performance when applied to ground motion
records from the interface and intraslab earthquakes (AUCs are 1).
However, because the number of ground motions of earthquakes in
the interface and intraslab environments are relatively small in
training data set (12 and 17, respectively) (Fig. S6), additional data
will be needed to further evaluate the performance and applicability
of the proposed method for different tectonic environments.

Conclusions

In this work, an accelerogram-based method has been developed and
validated for the quick assessment of liquefaction occurrence based
on ground motion records. Two frequency-related ground motion
indices, termed RL and MIFr, are extracted from accelerograms
to quantify the effects of liquefaction on ground motions. A new
liquefaction database is compiled, consisting of 135 companion
ground motion records and liquefaction observations from 17 major
earthquakes worldwide. Logistic regression is used to develop a new
liquefaction classification model that takes RL and MIFr as inputs
and calculates a LQL

Main findings from the study include (1) an optimal LQI value
of 0.15, obtained through ROC analysis, is found to best classify
liquefied and nonliquefied sites in the database; (2) the proposed
method demonstrated superior performance when compared with
four existing accelerogram-based methods, and the overall accu-
racy is 92.8%, evaluated using the common K-Y liquefaction data
set; and (3) the model is validated with a new data set, i.e., the 2001
Nisqually earthquake, not included in the original training data set.
Overall, 29 out of the 32 sites (i.e., 2 correct LQ and 27 correct
NonLQ sites) were correctly predicted by the model. In addition,
the effects of the class imbalance, liquefaction observation uncer-
tainty, and various sources of data bias, have been analyzed and
discussed in detail.

The developed liquefaction model is given in a simple form that
can be used by engineers and practitioners to quickly assess the
liquefaction occurrence using ground motion records. The results
of this study show that this model has a promising potential for
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applications in real-time disaster mitigation systems, and for the
rapid response and loss estimation. Future work will continue ex-
panding the liquefaction database and apply the proposed model to
other earthquakes worldwide. Moreover, it would be interesting to
compare the proposed method with other geotechnical and geospa-
tial data-based approaches. Although there is limited availability of
geotechnical data for most of the sites in the present data set to
calculate indices such as the liquefaction potential index (LPI)
or the liquefaction severity number (LSN), there are some sites with
highly instrumented geotechnical arrays (e.g., the Wildlife Lique-
faction Array), where such a comparison may be possible. The code
of the developed model has been made publicly available (Data
Auvailability Statement) so that the proposed accelerogram-based
liquefaction assessment method could be used, further tested, and
improved by the community.

Data Availability Statement

Some or all data, models, or code generated or used during the
study are available in a repository or online in accordance with
funder data retention policies. The Github repository hosting the
developed code can be accessed through https://github.com/qschen
Nliquefaction-detection.git.
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