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Earthquake early warning systems have been developed to help minimize the loss of life and other
damages resulting from catastrophic earthquakes. In the past several decades, these systems have
evolved to function using a variety of methodologies. This study introduces an onsite system developed
from a correlation between the precursor measurement (Pd3) and the peak ground acceleration (PGV)
from 780 historical earthquake events recorded in Taiwan, Japan and South California. The study
analyzes and integrates the uncertainty of the onsite system, establishing the statistical relationship
between the PGV forecast, the Pd3 precursor, and the exceedance probability (PE). A method is
presented for forecasting the PGV by scaling the Pd3. Furthermore, this study also suggests a
decision-making model to determine whether or not the early warning notiﬁcation should be issued,
based on factors such as the uncertainty of the early warning system, the magnitude of the precursor,
and warning recipient characteristics.
& 2012 Elsevier Ltd. All rights reserved.

1. Introduction
Catastrophic earthquakes can be devastating to human populations, as demonstrated by the 2010 Haiti earthquake with a
reported magnitude of 7.0 and which resulted in an estimated
death toll of more than 150,000. To help reduce the dreadful
consequences of catastrophic earthquakes, the scientiﬁc community is working on better understanding the factors creating these
disasters and on what can be done to mitigate future damage.
Such work requires learning more about the mechanisms that
generate earthquakes, improving our abilities to predict earthquakes, and expanding the use of hazard mitigation methods,
including the development and implementation of earthquake
early warning systems.
This study examines the uncertainty of one speciﬁc onsite
model that uses the relationship between the ﬁrst three second
peak displacement (Pd3) as a precursors to aid in the prediction of
the peak ground velocity (PGV) [1]. The paper includes an overview of the early warning system and provides a statistical
evaluation to quantify the uncertainty of the model. A risk-based,
decision-making model is also described as part of the onsite
early warning system. The model considers factors such as the
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uncertainty of the early warning systems, the magnitude of
precursors, and the characteristics of warning recipients.

2. Earthquake early warning systems
In the past several decades, earthquake early warning systems
have been proposed based on a variety of different methodologies
[1–8]. The idea behind these systems is to provide timely alerts ahead
of the arrival of an earthquake’s destructive peak ground motion.
Earthquake early warning systems are believed to provide a practical
and effective tool to assist with seismic risk mitigation [9,10].
There are two types of earthquake early warning systems:
regional systems and onsite systems. Regional systems collect and
analyze seismic data from multiple stations to provide early warnings to distant sites. In contrast, onsite systems use precursor
measurement from the early part of the earthquake ground motion
to provide information for that same speciﬁc site. Onsite systems are
generally faster, but less accurate than the regional systems [4,5].
All earthquake early warning models contain uncertainties due
to the natural randomness of earthquakes, inﬂuenced by the factors
such as seismic-wave propagations, site characteristics, and other
unpredictable variables. Discussions of the uncertainties of the
earthquake early warning model predictions have been relatively
limited, particularly for onsite systems. Iervolino et al. [11–14]
provided a study of the uncertainty of regional early warning
models and developed real-time probabilistic seismic hazard
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analysis (RTPSHA). A similar framework was applied in other realtime forecasts, such as peak ground acceleration, response spectra,
and expected loss, for a potential catastrophic event [15].

3. Pd3–PGV early warning system

appropriate when the residual is normally distributed. For data
where this is not the case other types of correlations, such as
polynomial functions, might be better suited.
Fig. 2 shows the distribution of the 780 standardized residuals
ðeni Þ of the onsite system. The expression of eni is as follows:
eni ¼

3.1. Onsite Pd3–PGV model
This study illustrates model uncertainty and its impact on early
warning forecasts for a speciﬁc onsite early warning system that
was developed based on a total of 780 historical waveforms
gathered from Taiwan, Japan and South California. Fig. 1 shows
the distribution of the 780 pairs of Pd3 and PGV. A strong correlation
was observed between the two variables. The simple linear regression model (SLRM) describes this relationship as follows:
logðPGVÞ ¼ 1:52þ 0:81 logðPd3Þ

ð1:1Þ

The equation has a correlation coefﬁcient (r) of 0.87 and a
standard deviation (s) of 0.32. The intrinsically linear relationship
between Pd3 and PGV is
PGV ¼ 32:98Pd30:81

33

yi y^ i

ð2:1Þ

sY i Y^ i

where yi and y^ i denote the ith observation and ith estimate
associated with the dependent variable Y. sY i Y^ i is the standard
deviation of Y i Y^ i , and is as follows:
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u
u
1
ðx xÞ2
sY i Y^ i ¼ st1  Pn i
ð2:2Þ
2
n
i ¼ 1 ðxi xÞ
where xi and x denote the ith observation and the mean value
associated with independent variable X. For this study the
dependent variable Y and the independent variable X are log(PGV)
and log(Pd3), respectively.

ð1:2Þ

4

Correlation Coefficient = -0.0002

3

In the model the Pd3 serves as a precursor used to aid in
predicting PGV that will follow. With a deterministic evaluation
the model uncertainty is not factored in the forecast, although the
standard deviation may be calculated. Using this approach the
estimate is very unlikely to be identical to the actual observation.
The estimate has a 50–50 probability of either being greater or
less than the actual observation.

Standardized Residual, e*

3.2. Deterministic application of the model
2

1
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4. Linear regression
-3

Linear regression analyses are widely used in correlation
analyses and are available in most statistical computer packages.
The accessibility of this method causes it to sometimes be applied
incorrectly for the interpretation of data. Linear regression is only
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Fig. 1. Seven hundred and eighty observations of Pd3 and PGV collected from
Taiwan, Japan and South California. It appears an intrinsically linear relationship
as: PGV ¼ 32.98  Pd30.81. The correlation coefﬁcient (r) and standard deviation (s)
are 0.87 and 0.32, respectively.
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Fig. 2. Distribution of 780 standardized residuals: (a) standardized residuals are
independent of log(Pd3) and (b) standardized residuals can be presented acceptably by a standard normal distribution.
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In Fig. 2(a) eni was found to be independent of log(Pd3) with the
correlation coefﬁcient close to zero (¼  0.0002). Fig. 2(b) shows a
good agreement between the observed distribution and the standard normal distribution. It suggests that the linear regression
model is appropriate, since the model requirements are fulﬁlled.

5.1. Exceedance probability, PE
Based on regression analysis the normalized forecast for Y at a
given x* follows a t-distribution associated with n  2 degrees of
freedom, where n is the number of observation pairs
T¼

Yy^ x*
Sx*

where FT,n  2 denotes the cumulative probability function of a t
variate associated with n  2 degrees of freedom. In other words,
PE(y*9x*) represents the exceedance probability for a given forecast y* and precursor x*. A PGV forecast at a given PE and x* can
also be back-calculated (see Appendix II).
5.2. Exceedance probability for the onsite early warning system
Fig. 3 shows the relationships between the Pd3 and the PE
considering ﬁve PGV forecasts; 1, 5, 10, 50 and 100 cm/s. With an
observed Pd3 of 0.1 cm, the exceedance probabilities are 98%, 50%,
18%, 0.09% and 0.0025%, respectively, for the ﬁve PGV values used
in Fig. 3, providing a negative correlation with the PGV forecasts.
Fig. 4 shows the Pd3–PGV relationships associated with ﬁve
exceedance probabilities: 50%, 10%, 5%, 1% and 0.1%. When the
observed Pd3 was equal to 0.1 cm, the PGV forecasts were 5.08,
12.97, 16.92, 27.89, and 48.93 cm/s, respectively, for the ﬁve
exceedance probabilities used in Fig. 4. In contrast, the PGV
forecasts show a positive correlation with the exceedance probability for each given Pd3. Notice that the 50% exceedance
probability curve is equal to the regression line (Eq. (1.2)).
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10-3
1x100 0.98

10-2

10-1

100

101

0.50

Exceedance Probabilty PE

0.18

1x10-2
1x10-3

48.93

101

27.89
16.92
12.97
5.08

PE = 50 %
PE = 10 %
PE = 5 %
PE = 1 %
PE = 0.1 %

100

ð3Þ

where y^ x* and Sx* are constants calculated from observations (see
Appendix I). For a given forecast y*, PE is as follows:


y*y^ x*
PE ðy*9x*Þ ¼ PðY 4y*9x*Þ ¼ 1PðY ry*9x*Þ ¼ 1F T,n2
ð4Þ
Sx*
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Fig. 4. Relationships between Pd3 and PGV for exceedance probabilities of 0.1%,
1%, 5%, 10% and 50%. When an observed Pd3 is 0.1 cm, the respective PGV forecasts
are 5.08, 12.97, 16.92, 27.89 and 48.93 cm/s.

6. Generalized PGV forecast
This section develops generalized equations to conveniently
forecast an approximate, but conservative, PGA from a Pd3 and a
given exceedance probability. We deﬁne R as the ratio PGVp*/
PGV50%, where PGVp* and PGV50% represent the PGV forecasts
associated with exceedance probabilities equal to p* and 50%,
respectively. In Fig. 4, R is equal to 3.33 (from 16.92/5.08), when
p* is 5% and Pd3 is 0.1 cm. R is a function of PE and Pd3.
Fig. 5 shows the distributions of R associated with four
exceedance probabilities for given Pd3 values ranging from
0.001 to 10 cm. Rmax was observed at the lowest Pd3. In contrast,
Rmin corresponds to a Pd3 between 0.1 and 1 cm. The variation of
R was found to be insigniﬁcant, with a ratio of Rmax Rmin =Rmax less
than 1.5%. Fig. 6 shows the distribution of Rmax for the onsite early
warning system. For exceedance probabilities equal to 0.1%, 1%,
5%, 10%, and 50%, the corresponding Rmax values are 9.75, 5.54,
3.36, 2.57 and 1.0, respectively. A slightly non-linear relationship and negative correlation between Rmax and log(Pd3) was
observed. Fig. 6 shows that Rmax becomes a function of the
exceedance probability and takes the form of Rmax ¼ gðp*Þ.
Rmax  PGV 50% can be used to approximate R  PGV50%, because
Rmax ﬃ R, and the former must be larger than the latter. This study
introduces Rmax  PGV 50% to be a generalized PGV forecast (PGVG),
which is an approximate, but slightly more conservative prediction
compared to R  PGV50%. For the onsite system the general equation
is as follows:
PGV G,p* ¼ Rmax  PGV 50% ¼ gðp*Þ32:98Pd30:81

0.0009

100

ð5Þ

where Rmax can be found graphically from Fig. 6. With the substitution of Rmax into Eq. (5) the generalized PGV associated with 0.1%, 1%,
5%, 10%, and 50% exceedance probabilities are as follows:
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Fig. 3. Relationships between Pd3 and exceedance probability for PGV forecasts of
1, 5, 10, 50, and 100 cm/s. When an observed Pd3 is 0.1 cm, the respective
exceedance probabilities are 98%, 50%, 18%, 0.09% and 0.0025%.

PGV G,p* ¼ 0:1% ¼ 9:7  32:98Pd30:81 ¼ 320Pd30:81
PGV G,p* ¼ 1% ¼ 5:5  32:98Pd30:81 ¼ 181:4Pd30:81
PGV G,p* ¼ 5% ¼ 3:36  32:98Pd30:81 ¼ 110:8Pd30:81
PGV G,p* ¼ 10% ¼ 2:55  32:98Pd30:81 ¼ 84Pd30:81
PGV G,p* ¼ 50% ¼ 1  32:98Pd30:81 ¼ 32:98Pd30:81

ð6Þ
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the exceedance probability (PE) of the forecast. This relationship,
PE equal to PF, assumes a deterministic criterion with global
failure when the design PGV is exceeded. This consequence from
this type of failure can be severe, including loss of life (LOL) either
from the direct collapse of the structure or from the panicked
response of the people after the warning alert is received [16].
This section suggests a risk-based model for deciding whether
or not to transmit a warning, with the intention to minimize LOL
by considering the factors such as the uncertainty of the early
warning system, the magnitude of precursor, and the characteristic of warning recipients. The people potentially endangered by
an event, such as building occupants during a building collapse,
are considered the population at risk (PAR). When the earthquake
ground motion is equal to or greater than the design PGV of a
building, LOL resulting from the building collapse is as follows:
LOL ¼ PAR  P F  pk

0
10

-3

-2

-1

10
10
Exceedance Probability PE

Fig. 6. Relationship between Rmax and exceedance probability. When exceedance
probabilities are 0.1%, 1%, 5%, 10%, and 50%, the respective Rmax are 9.75, 5.54, 3.36,
2.57, and 1.0.

7. Risk-based decision-making model
It has shown that a PGV forecast may vary from the actual
observation due to the unavoidable uncertainty in an onsite
warning system. In general, larger forecasts are conservative,
and are associated with a lower exceedance probability. For the
critical design condition where the PGV forecast is equal to the
design PGV of the structure, the failure probability (PF) equates to

ð7Þ

where pk denotes the casualty ratio among PAR, with 1.0 being the
worst possible scenario. For a global failure the PGV forecast is
equal to or greater than the design PGV, so the PF associated with
an observed precursor (Pd3) can be derived from Eq. (4)
PE ðy*9x*Þ ¼ PE ðyd 9x*Þ ¼ PðY 4yd 9x*Þ
¼ 1PðY r yd 9x*Þ


y y^
¼ 1F T,n2 d x*
Sx*
¼ PF ðyd 9x*Þ

ð8Þ

where yd denotes the logarithm of design PGV and x* denotes an
observed log(Pd3). Large magnitude precursors lead to the
increase PF, since the design PGV is a constant, as shown in
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Loss of Life (LOL)

LOL due to structure failure
=> PAR x PF x pK
LOL due to responses after warning
=> PAR x pa

Cost of Warning

Warning

No-Warning
Pd3critical

Fig. 7. Decision-making rule for the onsite early warning system. The LOL
resulting from building collapse is conditional to an observed precursor, but the
other one resulting from the post-warning responses is independent of the
precursor. When a Pd3 exceeds the critical value, the decision of issue-warning
is needed.

Considering the structural safety is typically governed by the
single design parameter of PGV, the resulting structural failure
probability PSF (no longer 0 or 1) corresponds to a speciﬁc PGV.
Coupled with the onsite early warning system, the resultant
structural failure probability is the product of the exceedance
probability (PE) of a PGV forecast, and the structural failure
probability (PSF) for the given forecast. Using the probabilistic
criterion for the structural failure, LOL resulting from the building
collapse becomes LOL¼PAR  PE  PSF  pk. When the probabilistic
failure criterion becomes associated with multiple design variables, analytical complexity and computational effort is increased.
While the inclusion of additional variables may extend the
decision-making model by making it more robust, the added
complexity also has the negative consequence of making the
model computation more expensive and time consuming, delaying the warning notiﬁcation. The complexity of the decisionmaking model cannot be extended without limit, since time is the
most essential factor in any earthquake earning warning system.

9. Conclusions
Fig. 3. Similarly, LOL resulting from a building collapse will
increase proportionally with the value of the observed precursor.
On the other hand, false warnings – building collapse does not
occur provided a warning is issued – also have the potential to
result in LOL. Eq. (9) describes the potential LOL after a warning,
but when the building is not subject to complete failure.
LOL ¼ PAR  pa

ð9Þ

where pa denotes the casualty ratio among PAR after a warning for
an event that does not results in complete failure. In this case, LOL
is independent of the precursor Pd3. To minimize LOL the
decision-making rule becomes
(
Issue warning PF  pk 4pa
DM ¼
ð10Þ
No warning
otherwise
Fig. 7 shows a systematic diagram illustrating the decisionmaking rule. The LOL resulting from building collapse begins to
exceed the warning without collapse scenario when the observed
Pd3 exceeds a critical value. At that critical value the warning
decision should be made. A building with a low PF (solid design),
low pk and high pa has a high critical value of Pd3.
The cost associated with issuing a warning decision without a
building collapse is equal to a LOL¼PAR  pa (Eq. (9)). The
negative consequence of this decision must be surpassed by the
savings associated by a successful warning. This concept is
analogs to insurance, where PAR  pa is the cost of the premium.
When the observed precursor is less than the critical value, the
insurance is not worth the cost.

8. Discussion
The risk-based model helps to decide whether or not a
warning is needed considering factors, such as the magnitude of
the observed precursors, the uncertainty of early warning modeling, and the characteristics of warning recipients. A deterministic
approach, while not perfect, was adopted in this study for the
model development. The model can be extended and improved by
adopting a probabilistic failure criterion and considering PAR and
casualty ratios as random variables. For instance, the PAR and pa
associated with most buildings should be time-dependent. The
decision-making rule could be further modiﬁed to incorporate the
time-dependency of these variables.
When a probabilistic criterion in structural failure is adopted,
the failure probability becomes a function of the design variables.

This study examined the inherent uncertainty of a speciﬁc
onsite earthquake early warning developed by using seismic data
from Taiwan, Japan and South California. The onsite system takes
advantage of the strong correlation between Pd3 and PGV. Since
the uncertainty is unavoidable in the onsite system, the PGV
forecast can be made in a deterministic manner with the forecast
for PGV equal to 32.98  Pd30.81. This relationship will result in a
50% probability that the forecast will be exceeded by the actual
observation.
This study applies a statistical procedure to estimate PGV for a
given precursor and exceedance probability. An approximate, but
conservative, PGV can be conveniently estimated by the proposed
generalized relationship, which involves the scaling of the precursor measurement. As an example, the scaling factor of 3.33 is
associated with the exceedance probability equal to 5%, resulting
in a generalized PGV forecast of 110.8  Pd30.81.
To complement the early earthquake warning system, a riskbased, decision-making model was also proposed to aid in the
decision of whether or not a warning is needed for an observed
precursor. The decision-making rule is intended to minimize the
loss of life from the resulting events.
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Appendix I [17]
The variance of prediction error V½Yðb^ 0 þ b^ 1 x*Þ is
i
V Yðb^ 0 þ b^ 1 x*Þ ¼ VðYÞ þ Vðb^ 0 þ b^ 1 x*Þ
"
#
1 ðx*xÞ2
þ
¼ s2 þ s2
n
Sxx
"
#
1 ðx*xÞ2
¼ s2 1 þ þ
¼ Sx* 2
n
Sxx
h

ðI:1Þ

where s is the standard deviation of the regression model, n is the
sample size, b^ 0 , b^ 1 are the point estimates of model parameters,
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and x* denotes an observation of the independent variable X.
The sum of square of X, Sxx, is deﬁned as follows:
Sxx ¼

n
X

ðxi xÞ2

ðI:2Þ

i¼1

The expectation of prediction error is
E½Yðb^ 0 þ b^ 1 x*Þ ¼ EðYÞb^ 0 þ b^ 1 x* ¼ 0

ðI:3Þ

Since the prediction error follows a t-distribution, combining
Eqs. (I.1) and (I.2) gives a random variable T following the tdistribution with n  2 degree of freedom
T¼

Yðb^ 0 þ b^ 1 x*ÞE½Yðb^ 0 þ b^ 1 x*Þ
Yðb^ 0 þ b^ 1 x*Þ
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
¼ rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
h
iﬃ
2
V½Yðb^ 0 þ b^ 1 x*Þ
s
1 þ 1n þ ðx*xÞ
Sxx

ðI:4Þ

Appendix II
A forecast Y at a given exceedance probability p* and an
observed x*:
From Eq. (4),


Y p*,x* y^ x*
1PðP E ¼ p*,X ¼ x*Þ ¼ F T,n2
Sx*


Y p*,x* y^ x*
¼ F 1
¼4
T,n2 1PðP E ¼ p*,X ¼ x*Þ
Sx*
^
¼ 4 Y p*,x* ¼ F 1
ðII:1Þ
T,n2 f1PðP E ¼ p*,X ¼ x*ÞgSx* þ yx*
where Sx* is shown in Eq. (I.1); FT,n  2 and F 1
T,n2 denote the
cumulative probability function and inversed probability function
of a t variate with n–2 degree of freedom, respectively.
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