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ABSTRACT: This study presents a methodology for operational time-dependent seismic aftershock risk fore-
casting as a support for rapid decision-making in a post main-shock environment. This issue is addressed
herein by calculating the mean daily rate of exceeding a set of discrete limit states by convolving the associ-
ated time-dependent fragility curves with the daily aftershock hazard forecasts. Two alternative aftershock
occurrence models, namely, the modified Omori’s model (MO) and the epidemic type aftershock sequence
(ETAS) are adopted. The Bayesian updating is used to provide sequence-based parameter estimates for the
MO model as well as the ground motion prediction equation. In addition, a new methodology for adaptive
time- and event-dependent fragility assessment is explored in this work. As a numerical example, daily fore-
casts of the aftershock risk are estimated for an equivalent single-degree-of-freedom structure subjected to the

L’ Aquila 2009 aftershock sequence (central Italy).

1 INTRODUCTION

Adaptive time-dependent seismic aftershock risk as-
sessment can be a crucial analytic support for estab-
lishing transparent protocols for civil and structural
protections in the presence of an ongoing aftershock
sequence. In such a context, adaptive forecasting of
daily rates of exceeding the ground motion intensity
of interest (hazard) are going to be convolved with
adaptive forecasting of daily fragility curves in order
to predict the seismic aftershock risk.

This work presents how the information (the cata-
log and the waveforms) provided by the ongoing af-
tershock sequence can be used adaptively in order to
make time-dependent aftershock risk assessment.
The time-dependent probabilistic aftershock hazard
assessment (PASHA) relies mainly on an aftershock
occurrence model and a suitable ground motion pre-
diction equation (GMPE). This work employs two
established aftershock models, namely the Epidemic
Type Aftershock Sequence (ETAS, Ogata 1998) and
the modified Omori (MO, Utsu 1961). The modified
Omori model attributes simple power-law decay to
the temporal evolution of an aftershock sequence,
taking into account only the triggering effect of the
main-shock. This is while the ETAS model takes
into account also the triggering effect of the after-
shocks and capture the spatio-temporal evolution of
the sequence. Although simplistic, the MO has been
used quite often for PASHA (Gerstenberger et al.
(2005), Yeo & Cornell 2009, Jalayer et al. 2011,

Goda & Taylor 2012). The ETAS model has been
used for operational aftershock forecasting (Marzoc-
chi & Lombardi 2009, Lombardi & Marzocchi
2010).

In this work, the modified Omori parameters are
updated adaptively based on the catalog (time and
magnitude) of the ongoing aftershock sequence, in a
Bayesian framework. The Bayesian framework is
used also to estimate the parameters of a strong
GMPE based on the catalog and the wave-forms of
the aftershock sequence.

As far as it regard the structural vulnerability as-
sessment, the present study adapts the methodology
presented by Jalayer et al. (2011) to an operational
forecasting framework. A non-linear time-dependent
performance variable, defined as the ratio of maxi-
mum demand increment to residual capacity, is
adopted herein to represent the evolution in structur-
al performance. Daily fragility curves are used to
represent the time-dependent vulnerability of the
structure, which are calculated as a sum of a se-
quence of (weighted) event-based fragility curves.
The event-based fragilities are determined by a pro-
posed approach, namely the sequential cloud analy-
sis (Ebrahimian et al. 2013). Finally, the mean daily
rate of exceeding a given limit state is calculated by
integrating the daily rate of exceeding a given spec-
tral acceleration (PASHA) and the daily fragility
curve for the limit state in question. As a result, the
forecasts associated with the mean daily rate of ex-
ceeding two limit states are obtained for the



L’Aquila aftershock sequence (central Italy). As the
structural model, an equivalent SDOF model with
cyclic strength and stiffness deterioration is used.

1.1 The forecasting interval and the ongoing
aftershock sequence

In this work, the time interval [Tgtart, Teng] Within the
particular jth day, j=1,..., Ngay (Where Ngay denotes
the number of days considered for forecasting) is re-
ferred to as the “forecasting interval”. In this work
the forecasting interval last 24 hour and T IS
equal to 6AM UTC of the jth day. The aftershock
events in the catalog taken place in the time elapsed
after the main-shock until T, are denoted as seq,
used in the updating procedures described hereafter.
Hereafter, the time-dependent background informa-
tion Ij, corresponding to the jth day, represents the
seq of aftershock events with magnitudes greater
than or equal to the lower cut-off magnitude M, (M
>M).

2 ALTERNATIVE MODELS FOR TIME-
DEPENDENT SEISMICITY RATE

2.1 The MO model

Modified Omori’s law is an empirical relation for
the temporal decline of aftershock rates. With some
modifications, Reasenberg & Jones (1989) proposed
a simple comprehensive model to describe the after-
shock occurrence based on MO model as a non-
stationary Poisson process whose rate of exceedance
of magnitude m, Amo(t,m), decreases by roughly the
reciprocal of time, t, elapsed after the main shock of
magnitude Mp,:
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where a, b, ¢ and p = parameters of the MO model
(see Lolli & Gasperini 2003 for more details). Ac-
cordingly, the number of aftershocks Ny from MO
relation identified by vector 0=[a,c,p], parameter b,
following a main event, and considering I;, can be
calculated by integrating Equation 1 as follows
(ebrahimian et al., unpubl.):
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2.2 The ETAS model

The ETAS Model is one of the most diffused class
of models for short-term spatio-temporal forecasts

(Ogata, 1998, Marzocchi & Lombardi, 2009,
Lombardi & Marzocchi 2010) which uses the ob-
served regularity of earthquake occurrence data
rather than using physical (tectonic, geological or
geodetic) information, explicitly. The ETAS model
is an epidemic stochastic point process in which
every earthquake is a potential triggering event for
subsequent earthquakes; thus, the seismicity is the
superposition of those induced by previous events on
the background.

The number of aftershock events Ny from ETAS
model identified by vector of parameters 0', follow-
ing a main event, and considering I;, can be calcu-
lated as:

Ny (MM,,0,1;)=
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where f = bIn(10); and Aetas(t,X,y,Milseq) = the
conditional seismicity rate in space R(x,y) and time
t, for M > M, given previous earthquakes (see Mar-
zocchi & Lombardi 2009 for definition of the model
parameters and its seismicity rate).

3 ADAPTIVE AFTERSHOCK FORECASTING
USING BAYESIAN UPDATING

3.1 General

The posterior joint probability distribution (given the
seq) for uncertain parameters generally denoted as
the vector @, can be calculated by implementing
the Bayes formula:

p(®|seq) = p(seq/®)p

/Zp seq|®) p )
where p(®|seq) = posterior joint probability distribu-
tions; p(®) = prior joint probability distributions;
and p(seq|®) = the likelihood function given the
general vector of parameters @. By applying the
Bayesian updating adaptively to data provided by
seq, the parameters of the MO model as well as the
existing GMPE are daily estimated, as described in
the subsequent sections.

3.2 Adaptive Bayesian updating of MO parameters

The parameters b and é=[a,p,c] of the MO are esti-
mated adaptively, following the procedure repre-
sented in Jalayer et al. 2011, using the Bayesian up-
dating and conditioned on the time-dependent
information represented by ;. Moreover, the lower
cut-off magnitude M is verified adaptively by calcu-
lating the catalog completeness magnitude (Ebra-
himian et al. unpubl.).

As a result, the number of aftershock events for
jth day within the forecasting interval [Tstart, Tend]
based on the MO model with updated parameters b
and 0, can be calculated based on Equation 2.



3.3 Adaptive Bayesian updating of an existing
strong-motion attenuation model

The parameters of the GMPE developed for strong-
motions by Sabetta & Pugliese (1996) (herein as
SP96) are updated adaptively based on the informa-
tion provided by the seq in order to become applica-
ble for the small-magnitude near-source ranges
within the aftershock zone. However, the presented
method can be applied to any other GMPE; the
SP96 has been chosen due to its relatively simple
formulation as well as its wide use for Italian terri-
tory.

The vector of coefficients of SP96 to be updated
daily can be summarized as mw={c1,C>,C3,C4,C5,0},
where c; = constant of regression; c, = coefficient of
magnitude; c; = coefficient of epicentral distance;
C4, Cs = coefficients of the site classification; and o =
standard deviation of the regression model. It is to
note that these coefficients are related to logarithm
(base 10) of pseudo spectral velocity (for more de-
tails see Sabetta & Pugliese 1996). With reference
to Equation 5, p(m|seq) and p(m) are the posterior
and prior joint probability distributions, respectively,
and p(seq|r) is the likelihood function for the after-
shock sequence. Denoting by r;: i=1,...,N to be the
epicentral distance (with respect to the desired site)
for the ith event within the seq of N aftershocks, and
assuming independence between consecutive events,
the likelihood function p(seq|r) can be expressed as:

p(seq|n)=1jp(8ai(T)|mi.ri,n,1,»)p(mi,nllj) (6)

where p(Sai(T)|m;,ri,x,1;) = lognormal PDF of spec-
tral acceleration of the ith aftershock wave-forms at
the period of interest; Sa;(T): i=1,...,N = spectral ac-
celeration calculated based on the GMPE with the
parameters z, and information Ij; and p(m;,ril;) = the
joint probability distribution of magnitude and dis-
tance, where p(m;,ri|l;) = p(mill;) p(ri) assuming in-
dependence between magnitude and distance for
areal seismogenetic zones; p(mill;) = p(milb,1;) is the
truncated Gutenberg probability density function
(Mi<m<Myy); p(ri) = the marginal probability distri-
bution for distance and is assumed constant herein
(i.e., spatially invariant seismicity with Cartesian
areal increments), only for the updating purposes.

By substituting Equation 6 into the Bayesian
formulation, i.e. Equation 5, one can calculate the
MLE of the vector of parameters ame based on the
joint posterior p(m|seq). mm can be interpreted as
the adaptively updated attenuation parameters for
the ongoing aftershock sequence.

4 ADAPTIVE PROBABILISTIC SEISMIC
AFTERSHOCK HAZARD ANALYSIS

The mean daily rate of exceeding a given spectral
acceleration at a specified period Sa(T) can be cal-
culated by integrating the daily forecasts for occur-
rence model and the daily updated GMPE:

A(sa(T)>X]1;) =Ny (M1,):
[[P[sa(T)>x|mr,1; [p(m,r|1)dxdydm (7)
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where A(x|l;) = the time-dependent daily rate that
Sa(T) exceeds a given value x for the jth day given
l;; Nm = the number of forecasted aftershocks (Equa-
tion 2 for MO model and Equation 4 for ETAS
model); P[Sa(T)>x|m,r,I;] = the daily updated prob-
ability model for ground motion prediction in terms
of Sa(T) calculated as a function of the daily best-
estimates mmie; p(m,r|l;) = the joint probability of the
magnitude and distance (as described in Section
3.3); however, it is to note that the updated b pa-
rameter for calculating p(m|l;) is estimated daily; r =
epicentral distance over the entire aftershock zone
R(X,y) with respect to the location of the desired site;
and p(r;) = the probability density function for dis-
tance obtained by (1) the spatio-temporal evolution
of the seismicity in ETAS model, (2) spatially uni-
form for MO model.

5 TIME-DEPENDENT VULNERABILITY
ASSESSMENT

5.1 Structural performance variable

Assume that N,s events take place in the forecasting
interval associated with the particular jth day. Each
event n: n=1,...,N,s tends to increase the peak and
residual drift demands. Hence, the structural re-
sponse to the nth event might be significantly af-
fected by the residual drift demands due to (n-1)
previous events. Herein, a novel scalar time-
dependent performance variable, Ys, is introduced
as the ratio of maximum demand increment due to
the sequence of n events and the residual drift ca-
pacity (see Ebrahimian et al. 2013):

) Dl -

Y,y = C. pr (8)
where Dpax = maximum drift demand due to the se-
quence of n events; D, = residual drift demand cor-
responding to the sequence of (n-1) events; Cis is
the capacity of the system for the desired limit state,
LS. Accordingly, the first time within the sequence,
where Y s becomes equal or greater than unity de-
notes the first-excursion of the desired LS.



5.2 Time-dependent vulnerability assessment

The probability of exceeding a specified LS condi-
tioned on a Sa(T) level equal to x (a.k.a. the struc-
tural fragility) given the information I; for the fore-
casting time interval corresponding to the jth day,
can be expressed as follows (see ebrahimian et al.
2013 for detailed derivation of the fragility expres-
sions utilized herein):

P(YLS lex'lj)zfp(YLS 21n,x 1, ) (nllj) ®)

where P(Yis>1|x,n,l;) = the structural fragility asso-
ciated with the first-excursion approach for exceed-
ing the LS threshold given that exactly n events take
place in the forecasting interval; P(n|l;) = the proba-
bility that exactly n events take place.

The fragility P(Y s>1|x,n,l;) in Equation 9 can be
calculated by considering that the first-excursion of
the limit state in events k=1,2, ..., n are a set of mu-
tually exclusive and collectively exhaustive (MECE)
events (Ebrahimian et al 2013):

P(Ye 21|x,n,|j):i[P(ck |m,x,lj)»ﬁ[l—P(Ci |m,x,|j)}]
(10)

where Cy indicates Y, s>1 after kth event, and corre-
spondingly, the superscript line specifies its nega-
tion. The probability sequence P(CyC1Cs....Ci1,X, 1)
within Equation 10 is estimated based on a novel
methodology called “the sequential cloud analysis”.
This approach will be briefly described later.

In addition, P(n|l;) in Equation 9 is estimated
based on both MO and ETAS models. In order to es-
timate the probability distribution based on ETAS
model, this paper utilizes the work performed by
Marzocchi & Lombardi (2009). They simulated 500
different synthetic daily catalogs by using the “thin-
ning method” proposed by Ogata (1998) in order to
obtain various realizations of Ny for the forecasting
time interval, and hence, provided an empirical den-
sity function for P(n|l;). On the other hand, this
probability distribution is also estimated by a non-
homogenous Poisson probability distribution based
on the updated MO model:

P(n1,)=(Nye) e ™ /nt
where Np, is calculated from Equation 2 based on the
daily updated parameters.

(11)

5.3 Time-dependent risk assessment

The daily rate of exceeding a prescribed limit state
denoted by A, s, which is equal to the mean daily rate
Y.s>1, for the jth day can be obtained by convolving
time-dependent fragility and hazard, as follows:

s =2(Ys 21)= [ P(Ys 210 %1 )|da(x]1;) (12)

where the time-dependent fragility P(Y s>1[x,1;) is
obtained from Equation 9, and the daily hazard
A(x|1;) from Equation 7.

5.4 Sequential cloud analysis

The sequential cloud analysis procedure (Ebra-
himian et al. 2013) leads to the calculation of the
sequence of fragility terms P(CyCiCy....Ci1,X ;)
within Equation 10. Starting from the structural
model that is already subjected to the events within
the seq, a number of k=1:Nsq Sequences of after-
shocks in the forecasting time interval denoted as
seqgen are generated. Each generated seqgen CONSists
of k waveforms, which are sequentially ordered by
random permutation (with replacement) of the
wave-forms recorded in the (available sequence)
seq. While the structure is subjected to Ngeq Suites
of squen, a set of Ngeq structural performance var|-
ables Y s®, can be calculated. However, those Y s®
values for WhICh the structure has already exceeded
the LS threshold in any of the previous events are
not taken into account. By making the common as-
sumption that the (conditional) distribution of Yg
for a given level of Sa(T)=x can generally be de-
scribed by a lognormal distribution, cloud analysis
can be conducted (see Jalayer & Cornell 2003) for
the kth fragility term in Equation 12:

x,h’): P(YL(sk) 21]x, IJ')
=1-0(=Inn, (x)/ A)

where #5ysa and oinyisa=pyisa are the conditional me-
dian and standard deviation of the natural logarithm
of Y5, which can be obtained based on linear re-
gression analysis (Jalayer & Cornell 2003, Jalayer et
al. 2011).

P(C.ICC,.Cor,
(13)

6 NUMERICAL EXAMPLE
6.1 The L’Aquila aftershock sequence

On April 6, 2009, at 1:32 AM UTC, an earth-
quake with My=5.9 (local magnitude) struck central
Italy in the Abruzzo region underneath the town of
L’Aquila. The large shock triggered a vigorous af-
tershock sequence. The hypothetic site considered in
this study is located near the recording station AQK
(ITACA, http://itaca.mi.ingv.it/ItacaNet/). The ref-
erence building located on this site is a five-story
RC frame structure, whose equivalent SDOF system
has a period of 0.58s (see Section 6.5 for more de-
tails about the structural model). To generate opera-
tive daily aftershock occurrence forecasts based on
ETAS and MO models (which are directly imple-
mented in the PASHA), a provisional catalog used
by Marzocchi & Lombardi (2009) is utilized herein.
In addition to the catalog, the waveform archive of
aftershock sequence was obtained as one of the
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products related to the project “High-resolution mul-
ti-disciplinary monitoring of active fault test-site ar-
eas in Italy” (http://dpc-s5.rm.ingv.it/en/S5.html).

It has been investigated right after the main event
(i.e. after the main-shock up to 6:00AM UTC of
06/04/09) , the completeness magnitude the catalog
of aftershocks is estimated to be around 3 (local
magnitude). Meanwhile, in all the subsequent days,
the completeness magnitude is estimated around 2.5.

6.2 The MO and ETAS models calibrated for the
L’Aquila sequence

The parameters of the MO model are estimated daily
by applying a Bayesian updating routine to the
L’ Aquila 2009 sequence, as described in Section 3.2
(Ebrahimian et al. unpubl.). As prior probability dis-
tribution, the parameters estimated for the Italian
generic aftershock sequence (Lolli and Gasperini,
2003) are considered.

The updated model parameters are then used to
estimate the expected number of events based on
Equation 2. Accordingly, the parameters of the
ETAS model are calibrated for the L’Aquila se-
quence by Marzocchi & Lombardi (2009), which
can directly be used for estimating the associated
number of events based on Equation 4. The daily
earthquake forecasts in terms of the number of
events based on both MO and ETAS models are il-
lustrated in Figure 1 for magnitude 2.5 and greater
from April 6, 2009, at 6:00 UTC, a few hours after
the main event up to May 10, 2009.
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Figure 1. The daily observed and forecasted number of events,
based on the MO and ETAS models.

For comparison, the real number of observed data
in the catalog is shown, as well. It can be depicted
that (1) both models perform quite well in capturing
the trend in the number of aftershocks; (2) Although
ETAS tends to provide an upper-bound estimate, it
is more capable of predicting the instantaneous in-
crease in the number of events; (3) adopting the Ital-
ian generic parameters for the MO model can cause

general underestimation. It should be noted that
herein, the spatial issue related to the estimate of the
number of predicted aftershocks are not studied and
attention is focused on the implementations useful
for hazard assessment.

6.3 The GMPE calibrated for the L’Aquila
sequence

To estimate the updated parameters of SP96, the
waveform archive of L’Aquila sequence is used in
order to calculate the likelihood p(seq|r) based on
Equation 6. Preliminary analyses on the distribution
of Sa;’s with respect to their m;’s and r;’s revealed
that the data did not reveal statistically significant
trend versus distance; hence, the parameter cz of
SP96 is not taken into account in the updating pro-
cedure. Furthermore, the hypothetic site is located
on rock (type A); therefore, the parameters ¢4 and cs
are set to zero. This reduces the total number of pa-
rameters to be updated to three. It can be observed
that the updated GMPE coefficients seem to con-
verge to more-or-less stable values according to the
evolution of the seq with time. Hence, the after-
shock wave-forms registered in the first few days of
the sequence seem to be adequate for updating the
model parameters. Table 1 compares the original pa-
rameters of SP96 at the prescribed period T=0.58s
with the sequence-specific maximum likelihood es-
timates (based on the posterior probability distribu-
tion) obtained based on the events taking place
within the first 10 days after the main event. The
large difference in the intercept parameter ¢, can be
attributed to the fact that the distance-related coeffi-
cient is maintained fixed.

Table 1. Coefficients of SP96 model, T=0.58s

Cl C2 o
SP96 -0.762 0.530 0.295
MLE of posterior
(15/04/09) -2670 0880  0.235

6.4 Forecasted aftershock hazard curves based on
ETAS and MO

Figure 2 illustrates the forecasted aftershock hazard
curves expressed in terms of mean daily rate of ex-
ceeding various levels of Sa(0.58s) for the date
06/04/09 corresponding to the first day, and
Mi<M<M, for both ETAS and MO with adaptively
updated parameters. The hazard values are calcu-
lated considering both the original SP96 parameters
and those updated based on the wave-forms regis-
tered within the sequence. Moreover, the MO model
is applied together with both a uniform spatial seis-
micity pattern and also a non-uniform time-
invariable seismicity pattern. The non-uniform pat-
tern is based on the ETAS-predicted spatial pattern
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in the first day as a proxy for background seismicity
spatial pattern.

Furthermore, the forecasted hazard curves are com-
pared with the observed daily rate of exceedance of
various spectral acceleration levels. This observed
rate is calculated as the number of observed
Sai(T)>x of the aftershock wave-forms exceeding,
which take place on the jth day within the forecast-
ing time interval.
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Figure 2. The forecasted hazard curves based on MO and ETAS,
together with the observed exceedance rate in 06/04/2009,
T=0.58s

The following observations can be depicted: (a)
reasonable agreement between daily observed and
forecasted hazard (ETAS, MO with time-invariant
variable spatial seismicity); (b) MO with uniform
seismicity systematically leads to under-estimations
in the hazard prediction; (c) the significant im-
provements resulting from updating the parameters
of the GMPE.

6.5 The structural model and its limit states

The case-study system is a modified version of
the equivalent SDOF model which has been used by
the authors in their previous works (see e.g. Jalayer
et al. 2011, Ebrahimian et al. 2013). In this study,
two discrete limit state are considered for the case-
study structure, namely the Significant Damage (SD)
and Near Collapse (NC), as outlined in Table 2. The
LS’s are distinguished herein in terms of increasing
levels of the maximum displacement of the equiva-
lent SDOF system. Preliminary analyses show that
the structure is very close to the onset of the SD
limit state due to the main-shock. Hence, this struc-
ture represents the structures that have experienced
structural damage due the main-shock.

Table 2. LS’s threshold for the equivalent SDOF

LS Maximum Roof Drift (m)

Significant Damage (SD) 0.05
Near Collapse (NC) 0.07

OpenSees (http://opensees.berkeley.edu) is used
for sequential nonlinear time history analyses by
employing a hysteresis model with pinching that ex-
hibits cyclic degradation in unloading and reloading
stiffness as well as strength degradation (Pinching4
Material).

6.6 Estimating Nas and P(n|l;)

A best estimate for the maximum number of after-
shock events within the forecasting time interval
could be the (mean+1.7sigma) of the empirical dis-
tribution P(n|l;) provided by ETAS (see Section
5.2). Subsequently P(n|l;), n=1,...,Na, can be ob-
tained based on both ETAS and MO models (see
Section 5.2 and Equation 11). For instance, Ny illus-
trating the maximum forecasted number of after-
shock events with M > 3.3 is estimated to be equal
to 15 for day 07/04/09 (Figure 4).
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Figure 4. The forecasted distribution of the number of events
per day (07/04/09) based on MO and ETAS models

It can be seen that the MO model assigns a non-
zero probability to having very few aftershock
events, while on the contrary, ETAS assigns zeros
probability to those aftershock events. This is ex-
pected to affect the daily fragility curves which are
going to be calculated through Equation 9 as a
weighted sum of event-dependent fragilities.

6.7 Daily fragility curves

Figure 5 illustrates the increase in the structural
vulnerability for DS (the first two days) and NC (the
first four days) based on ETAS and MO models. It is
important to note that the daily forecasts for each LS
are provided up to the day in which the first-
excursion takes place. For instance, the results for
SD are only reported for the first two days elapsed
after the main event (first excursion for SD takes
place in the second day).
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It can be observed through Figure 5 that the fra-
gility curves obtained based on the two aftershock
occurrence models are significantly different. The
effect of the aftershock model on fragility estimation
manifests itself through the probability distribution
P(n|l;), as explained in previous section. Conse-
quently, the ETAS model systematically shifts the
probability content towards larger number of after-
shocks per day; hence, based on Equation 9, the
event-dependent fragilities for larger n are going to
have a larger weight. This leads to systematically
larger fragility predictions based on ETAS compared
to MO.
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Figure 5. Forecasted daily-fragility curves (based on ETAS and
MO models) for (a) SD, and (b) NC limit states

6.8 Daily aftershock risk forecasting

Daily aftershock risk, expressed in terms of the
mean daily rate of exceeding limit states SD and
NC, is calculated herein by the integration of the
corresponding daily fragility and hazard curves, as
shown in Equation 12. As a result, Figure 6 illus-
trates the daily risk forecasts for two both limit
states SD and NC.

It can be observed that (1) the difference between
the daily risk predictions based on both models aris-

es from both the difference in the daily fragility and
hazard forecasts. As a result, the MO model leads to
systematically lower estimates; (2) the first-
excursion of NC in the fourth day is accurately pre-
dicted by both models (as mean daily rate of
exceedance equal to unity). However, the first-
excursion of SD limit state in the second day is not
signaled accurately. This can be attributed to the
hazard forecasting. In particular, in the second day
elapsed after the main event, another seismo-genetic
structure became active and none of the two models
managed to predict the hazard very well for this par-
ticular day.
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Figure 6. Daily risk forecasting for (a) SD, and (b) NC limit
states based on ETAS and MO models

7 CONCLUSION

This work outlines an adaptive framework for after-
shock risk assessment based on information avail-
able from an on-going sequence. Daily forecasts of
the aftershock risk are obtained by integration of
daily predicted fragility and hazard curves. Two
well-established models for the earthquake after-
shock occurrence, namely, the modified Omori
(MO) and the epidemic type aftershock sequence



(ETAS) are used herein. The seismic hazard in such
a framework can be presented as the mean daily
rates of exceeding various Sa values. The fragility
curves are defined as the daily forecasted condi-
tional first-excursion probabilities given Sa for the
prescribed structural limit states. The information
provided by the updated sequence (i.e., the catalog
and the registered wave-forms) is used to: (a) update
the parameters of the MO model using Bayesian up-
dating; (b) update the parameters of a GMPE suit-
able for strong motion using Bayesian parameter es-
timation; (c) update the structural fragility for
prescribed limit states.

In this methodology, the daily fragility curves are
calculated as a weighted sum of event-dependent
fragility curves, where the weights are equal to the
probability that a given number of events take place.
The event-based fragility curves are calculated next
through a recursive formulation using a non-linear
dynamic analysis procedure entitled sequential cloud
analysis recently proposed by the authors (see
Ebrahimian et al. 2013 for detailed description).

In general, the following observations can be
made with regard to a case-study application associ-
ated with the L’Aquila 2009 seismic sequence:

e The mean daily rate of exceeding spectral accel-
eration (hazard) associated with ETAS and MO with
a non-evolutionary spatially variable seismicity
(based on updated GMPE) show reasonable agree-
ment with the observed daily rates.

e The MO together with uniform spatial seismicity
systematically under-estimates the hazard.

e The updating of the parameters of a strong-motion
GMPE leads to significant improvement in the haz-
ard estimations.

e The probability distributions for the number of af-
tershock events per day, which are used as weights
in the calculation of daily fragilities, significantly af-
fect the risk predictions.

e For the case-study structural system studied
herein, risk forecasting based on both ETAS and
MO models manages to properly capture the first-
excursion of near collapse NC limit state in the
fourth day elapsed after the main event. However,
for the limit state of severe damage SD neither of
the two methods can accurately predict the first-
excursion in the second day. This may be attributed
to the short-coming of both methods in predicting
the seismic hazard in the second day, due to the ac-
tivation of a second fault structure.
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