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Abstract

We analyzed the available instrumental data on Italian earthquakes from 1960 to 1996 to compute the parameters
of the time-magnitude distribution model proposed by Reasenberg and Jones (1989) and currently used to make
aftershock forecasting in California. From 1981 to 1996 we used the recently released Catalogo Strumentale dei
Terremoti ‘Italiani’ (CSTI) (Instrumental Catalog Working Group, 2001) joining the data of the Istituto Nazionale
di Geofisica e Vulcanologia (INGV) and of the Italian major local seismic network, with magnitude revalued
according to Gasperini (2001). From 1960 to 1980 we used instead the Progetto Finalizzato Geodinamica (PFG)
catalog (Postpischl, 1985) with magnitude corrected to be homogeneous with the following period. About 40
sequences are detected using two different algorithms and the results of the modeling for the corresponding ones are
compared. The average values of distribution parameters (p = 0.93±0.21, Log10(c) = –1.53±0.54, b = 0.96±0.18
and a = –1.66±0.72) are in fair agreement with similar computations performed in other regions of the World. We
also analyzed the spatial variation of model parameters that can be used to predict the sequence behavior in the
first days of future Italian seismic crisis, before a reliable modeling of the ongoing sequence is available. Moreover
some nomograms to expeditiously estimate probabilities and rates of aftershock in Italy are also computed.

Introduction

The forecast of aftershock rates and probabilities is
a common procedure routinely performed by seismic
centers and observatories. The usefulness of such pre-
dictions for seismic hazard assessment was clearly
pointed out by Hough and Jones (1997) that noted
how relatively small aftershock of large earthquakes
may induce further damages and casualties and a sig-
nificant expansion of the region requiring emergency
services. When the main shock occurs in uninhab-
ited areas the aftershocks can potentially cause more
damage than the main shock itself, due to factors as
the location, the radiation pattern and the cumulative
nature of building damages. Being that aftershocks
are clustered the probability of new shocks clearly in-
crease in the space-time proximity of a strong shock.

A significant mitigation of the seismic risk can thus be
carried out issuing appropriate emergency measures,
based on a reliable estimation of this probability.

The importance of aftershock probability forecast
in Italy was also clearly evidenced by the long seismic
sequence from Sep 1997 to May 1998 in the Umbria-
Marche area. Here a Mw = 6.0 main shock, preceeded
few hours before by a Mw = 5.8 strong foreshock, oc-
curred close to the small town of Colfiorito in Central
Italy and was followed by at least 5 strong (Mw ≥ 5.0)
aftershocks over a period of about six months. The
area most damaged by the first two shocks, was sig-
nificantly extended by subsequent strong aftershocks
both on southeast and northwest of Colfiorito. For
examples about 20 days after the main shock several
collapses took places in Sellano (about 20 km south-
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east of the main shock epicenter), while significant
damages occurred five month later, in the town of
Gualdo Tadino, located 20 km northwest, that was
scarcely damaged by the main shocks.

The aim of this work is to apply the Reasenberg
and Jones (1989, 1994) model of aftershock occur-
rence to the Italian seismicity in order to establish
reliable procedures for the real-time forecast of af-
tershocks behavior for future seismic crisis. We thus
computed a set of parameters valid for the entire
Italian territory as well as for different zones of Italy
on the basis of the available data. This parameter
set could be used as a-priori values to describe the
behavior of future sequences.

Aftershock distribution model

It is well known that the rate of aftershocks is a de-
creasing function of time elapsed after the main shock.
In general the number of aftershocks in the unit time,
above some given magnitude threshold Mc, can be
described by the so-called ‘modified Omori’ model
(MOM) Utsu (1961)

λ(t,Mc) = K(Mc)

(t + c)p
(1)

where t is the time elapsed after the main shock, c
and p are empirical parameters that are characteristics
of the given sequence and K(Mc) is a function of the
number of event with M≥Mc.

In the last decade the MOM has been used by
several investigator to model aftershock occurrence.
In particular Rabinowitz and Steinberg (1998) invest-
igated some sequences in the Levant, Wiemer and
Katsumata (1999) studied spatial variations of MOM
parameters for Landers, Northridge, Morgan Hill and
Kobe earthquakes, while Console et al. (1999) em-
ployed the MOM to compute probability of strong
events in different part of the World.

The number of aftershocks above a given mag-
nitude threshold in a time interval [S,T] can be com-
puted from (1) as

N(Mc) = � T

S λ(t,Mc)dt = K(Mc)
� T

S (t + c)−pdt =



K(Mc)
(1−p)

[
(T + c)1−p − (S + c)1−p

]
, p �= 1

K(Mc) [ln(T + c) − ln(S + c)] = (2)

= K(Mc)ln
(

T +c
S+c

)
, p = 1

so that

K(Mc) = N(Mc)� T

S
(t + c)−pdt

(3)

On the other hand it is also well known that the num-
ber of earthquakes with magnitude M≥Mc in a given
area and over a given time interval, is described by the
Gutenberg and Richter (1944) relation (in cumulative
form)

Log10N(Mc) = A − bMc (4)

where the parameter A represents the logarithm of the
number of shocks with M>0 and depends on the ‘pro-
ductivity’ and the extension of the considered area and
on the length of the observing time interval, while b
depends on the physical properties of the area, and it is
often very close to 1.0. Utsu (1961, 1969) showed that
a similar relation also holds for aftershock sequences
(excluding the main shock).

It is a common observation that the productivity
of a sequence is a function of the size of the main
shock. This mainly because the number of aftershocks
is proportional to the size of the deformed or ruptured
area and this in turn is related to the seismic moment
and hence to the magnitude. Utsu (1971) proposed that
A could be expressed as a linear function of the main
shock magnitude Mm. Reasenberg and Jones (1989)
implicitly assumed a dependence of the type

A = A0 + bMm (5)

where A0 is now a parameter that, at least in principle,
is independent to the main shock magnitude. Thus the
number of aftershocks with magnitude larger than Mc

following a main shock of magnitude Mm can be given
by

N(Mc) = 10A0+b(Mm−Mc) (6)

posing

a = A0 − Log10

[� T

S (t + c)−pdt
]

(7)

the rate of aftershocks with magnitude larger than Mc

at a given time t after a main shock of magnitude Mm

can be deduced substituting (3), (6) and (7) in (1)

λ(t,Mc) = 10a+b(Mm−Mc)

(t + c)p
(8)

This is the aftershock occurrence model proposed by
Reasenberg and Jones (1989) and that is routinely used
to make aftershock hazard forecast in California on
the basis of average a priori parameter values com-
puted for previous sequences and/or the a posteriori
ones computed in real-time for the current ongoing se-
quence. Note that our derivation of (8) shows that this
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is dimensionally consistent as the logarithmic term en-
tering the definition of a, with the dimension of a time
to the 1-p power, makes the denominator to be a time.
We have also to note that the simple inclusion of this
term in parameter a implies that its influence on the
estimation of parameters p and c is neglected.

On the basis of the assumption of random (Poisso-
nian) occurrence of shocks, the probability of one or
more aftershocks with magnitude larger than a given
threshold Mc in a time interval �T following the time
T can be computed as

Pr(T ,�T,Mc) =
1 − exp

[
− � T +�T

T
λ(t,Mc)dt

]
(9)

This formula can be used to estimate the probability
of aftershocks in the following day, week, month etc.,
during an ongoing seismic sequence. Reasenberg and
Jones (1989) proposed the Bayes rule (Bowker and
Lieberman, 1972; Hogg and Craig, 1978) as a useful
way to improve the efficiency of the model in the early
times of an ongoing seismic sequence. Assuming that
both the mean a priori and real-time model parameters
are normally distributed, with standard deviation (s.d.)
σ 0 and σ respectively, the Bayesian estimate of θ is
given by

θ̂B =
(

σ 2
0

σ 2
0 + σ 2/n

)
θ̂ +

(
σ 2/n

σ 2
0 + σ 2/n

)
θ0 (10)

With this procedure, immediately after the main
shock, the calculation of the Bayesian estimates would
heavily weight the a priori mean parameter values;
during the course of the aftershock sequence, the a
posteriori parameter estimates would be increasingly
weighted as the current sequence data become more
numerous and consequently their estimation error be-
come smaller.

However, as pointed out by Rydelek (1990), the
statistical distribution of model parameters is not nor-
mal (for California at least) and this would prevent the
formal derivation of the above formula from the Bayes
rule. So that Reasenberg and Jones (1990) replied that
notwithstanding its statistical informality this proced-
ure is anyhow able to produce accurate reflections of
best current knowledge of the behavior of aftershock
sequences and thus suggest to used it but calling the
results as ‘Reasenberg-Jones’ (instead of Bayesian)
estimates. This model has also been applied to New
Zealand by Eberard-Phillips (1998), as well as it was
used by Wiemer (2000) and Wiemer et al. (2002) to
compute probabilistic aftershock hazard maps in the

epicentral areas of Landers, Northridge and Hector
Mine earthquakes.

This simple model of aftershock occurrence how-
ever can only be applied to sequences that exhibit a
simple decrease of the rate after the main shock but
it is not adequate for more complicate sequences in-
cluding strong aftershocks with magnitude about the
same order as the main shock at late times. The oc-
currence of strong aftershock may in fact induce a
significant increase of the rate of shocks above the
level predicted by the MOM. Different approaches
have been proposed in the literature to model the time
occurrence of aftershocks in such complex cases. Utsu
(1970) demonstrated that a complex sequence might
be described well by a superposition of several MOM.
Other works (Ogata, 1988, 1989, 1992, 1999, 2001)
proposed more complex models of the epidemic type
(ETAS) where each shock in the sequence can gen-
erate aftershock at a rate that decreases according to
the MOM. However these approaches might be use-
ful for a posteriori analysis of the shocks occurrence
but can hardly be used for the forecasting of the se-
quence behavior as they require the real-time location
of all of the aftershocks above the modeled magnitude
threshold at the time of the issuing of the probability
forecast. Unfortunately this is not actually feasible, at
least in Italy, in the case of a very productive sequence
like the one occurred in 1997 in the Umbria-Marche
region.

A simple and easily applicable way to improve the
performance of the aftershock occurrence model that
does not require this hard workload could be to only
include in the model the effect of the strong after-
shocks of the sequence. Due to their relevance, the
latter are usually evaluated very rapidly by the staff of
seismic monitoring systems like the one operating in
Italy 24 hours a day at the Istituto Nazionale di Geofis-
ica e Vulcanologia (INGV, formerly Istituto Nazionale
di Geofisica), for civil protection purposes. Therefore,
in such cases, the Reasenberg and Jones (1989) model
could be simply improved by assuming each strong
aftershock (i.e. with magnitude exceeding the mag-
nitude of the main shock Mm minus one) as the source
of a renewal of the aftershock generation process. In
simple words this means that after the occurrence of
such strong shocks the prediction of aftershocks could
be made more efficient by assuming the last one as a
new independent main shock. The effectiveness of this
possibility will be tested in the following on the basis
of real sequence data.
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Estimation of model parameters and aftershock
prediction

The values of the empirical parameters of the Reasen-
berg and Jones (1989) model for a given sequence can
be estimated maximizing the likelihood function of the
model with respect to sample data. As parameter b
does not depend on the times of the aftershocks its
Maximum Likelihood Estimate (MLE) can be done
separately with respect to the other ones from the dis-
tribution of shock magnitudes. The MLE of the other
parameters can instead be done simultaneously on the
basis of the time distribution of the shocks. Aki (1965)
demonstrated that the MLE of parameter b is given by

b = 1

ln10

[
M̄ − Mmin − Mmax10−b(Mmax−Mmin)

1 − 10−b(Mmax−Mmin)

]−1

≈ 1

ln10
[
M̄ − Mmin

] (11)

where M̄ is the sampling average of the magnitudes
and Mmin and Mmax are respectively the minimum and
maximum magnitude in the sample. Note that the last
passage is only valid if Mmax-Mmin>2–3 thus allow-
ing to neglect the exponentials. The uncertainty of b
can be estimated as (Aki, 1965)

σb = b√
n

(12)

where n is the number of earthquakes in the sample.
Utsu (1978) suggested that the limited resolution

of the magnitude (usually 0.1 units) introduce a bias in
eq. (11) that can be easily removed using a modified
formulation

b ≈ 1

ln10
[
M̄ − (Mmin − �M/2)

] (13)

where �M is the size of the magnitude resolution.
A complete demonstration of the effectiveness of eq.
(13) was recently presented by Marzocchi and Sandri
(2002).

As earthquakes occur randomly, the rate λ(t) can
be seen as the probability density of a non stationary
Poisson process describing aftershock time occurrence
(Ogata, 1983). The likelihood function of such a point
process, defined by a set of parameters θ=[a,p,c] with
intensity λ(θ ,t), in the time interval [S,T], with respect
to the record of occurrence times {ti ; i = 1,2, . . ., N}
is proportional to the product of the probability dens-
ities of having 0 events in the gaps between times ti ,
multiplied by the product of the probability densities
of having an event in the infinitesimal intervals [ti , ti

+�ti]. Ogata, (1983) showed that the log likelihood
function for such a process is given by

l(θ) = ln [L(θ)] =
N∑

i=1
lnλ(θ, ti ) − � T

S λ(θ, t)dt (14)

In practice the likelihood maximization results
more simple substituting parameter a with parameter
K of the Omori’s law from which parameter a can be
deduced as

a = Log(K) − b(Mm − Mc) (15)

where the magnitude term –b(Mm-Mc) is now assumed
to be a known constant. For the observed sequence of
aftershock times {ti; i = 1,2, . . . N} the log likelihood
function is thus

l(K, p, c) = NLogK · ln10 − p
N∑

i=1
ln(ti + c)+

−K
� T

S
(t + c)−pdt (16)

This can be maximized numerically by a non-linear
optimization algorithm. The errors of time distribution
parameters (K, c and p) can be derived computing the
variance-covariance matrix as the inverse of the Fisher
information matrix

J (θ) = � T

S

1

λ(θ, t)

(
∂λ(θ, t)

∂θ

)T
∂λ(θ, t)

∂θ
dt =

� T

S

[
K−1(t + c)−p −p(t + c)−p−1 −(t + c)−pln(t + c)

∗ Kp2(t + c)−p−2 Kp(t + c)−p−1ln(t + c)

∗ ∗ K(t + c)−p [ln(t + c)]2

]
dt

(17)

The s.d. of each parameters is taken as the square
root of the corresponding diagonal elements of J(θ )−1,
while the s.d. of a can be determined from the error
propagation rule

σa =
√(

1

ln10

σk

k

)2

+ [(Mm − Mc)σb]2 (18)

Seismic catalog data

Several seismic catalogs are available for Italy, most
of which are based on non-instrumental observations.
Among them the Catalog of the Progetto Finalizzato
Geodinamica (PFG) (Postpischl, 1985) is the result
of a comprehensive revision of all instrumental and
macroseismic information, which was available at the
time of its compilation, on Italian earthquakes from
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Figure 1. Cumulative number of located events in Italy from 1960
to 1996 (a) and detail from 1960 to 1980 (b). Before 1981, the data
are taken from the PFG catalog (Postpischl, 1985), while after this
date from the revalued database of INGV and local networks (In-
strumental Catalog Working Group, 2001). The arrows indicate the
visually identifiable change points of the rate that may be induced
by changes in the sensitivity of the network.

year 1000 to 1980. After PFG, the most of the catalogs
that have been published later (Boschi et al., 1995,
1997, 2000; Camassi and Stucchi, 1997, CPTI Work-
ing Group, 1999) were compiled for seismic hazard
estimation purposes and only include the earthquakes
that might have produced damages to the human en-
vironment. These are mainly based on macroseismic
data and are not suitable to be used for the modeling
of aftershock sequences.

In recent times, the main source of instrumental
seismic data in Italy is the Open File Seismic Cata-
log (ING, 1996) of the INGV. Even the PFG catalog
itself mainly refers to this database for the most of
instrumental data. The INGV has managed the main
Italian seismic network since the date of its founda-
tion in 1936 and presently its Rete Sismica Nazionale
Centralizzata (RSNC, Centralized National Seismic
Network) includes more than 90 short period vertical
stations telemetered to the central site of Rome. The
installation of a digital acquisition system at the RSNC
(before the seismic traces were only acquired on pa-
per drum recorders) strongly increased the number of
located event since the first months of 1984 (Figure 1).

In the last two decades several local network were
also operating in Italy. Among them we can mention:
the IGG Seismic Network operating in North West-
ern Italy, managed by Genoa University, the Friuli-
Venezia Giulia Seismometric Network in North East-
ern Italy, managed by the Istituto Nazionale di Ocean-
ografia e Geofisica Sperimentale of Trieste (OGS), the
Marchesan Seismic Network in Central Apennines,
managed by the Osservatorio Geofisico Sperimentale
of Macerata (OGSM), and the Regional Seismic Net-
work of Calabria, managed by the Calabria University.

Very recently, in the ambit of a joint project of the
INGV and of the Gruppo Nazionale Difesa dai Terre-
moti (GNDT), a complete reorganization of the Italian
instrumental database, joining the data of the RSNC
and of the other local networks mentioned above,
has been completed (Instrumental Catalog Working
Group, 2001). This includes the relocation and the
revaluation of the magnitude of all the events (about
48,000) from 1981 to 1996. The reanalysis of the data-
base of Italian earthquakes from 1997 to present time
is still in course and thus these data are not available
for our purposes presently.

Local magnitudes have been homogeneously re-
estimated according to Gasperini (2001). To control
the absolute calibration of the magnitude scale, a
database of real Wood Anderson (WA) magnitudes
measured by the two instruments that were in opera-
tion in Italy up to 1989 as well as of simulated WA
magnitudes computed by Very Broad Band record-
ings (available since 1990) was built. Gasperini (2001)
used these data as a reference set to estimate a new
empirical relation for the duration magnitude Md as
well as to calibrate magnitude Ma based on amplitudes
coming from short period seismometers recorded by
the RSNC automatic acquisition system. A reasonable
criterion to choose the most reliable among different
estimates (when more than one is available) has also
been established. In Figure 2a is clearly shown how
such procedure provided a set of magnitudes definitely
better calibrated than those reported by the ING Open
File Seismic catalog. In fact, the cumulative curve of
the number of earthquakes with magnitude larger than
4.0 for the revalued catalog (solid) exhibits an almost
constant slope over the entire interval thus indicating a
substantially constant seismicity rate. On the contrary
for the original catalog (dashed) we can note a clear
decrease of the rate starting from year 1988 that is
probably due, as discussed by Gasperini (2001), to a
change in the procedure of magnitude estimation at the
RSNC. This reduction after 1987 of the rate of earth-
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Figure 2. a) Cumulative number of earthquakes with magnitude lar-
ger than 4.0 for the catalog revalued according to Gasperini (2001)
(solid) and for the original RSNC catalog (dashed). The latter ex-
hibits a marked decrease of the rate starting from middle 1988
probably due to a change in the magnitude estimation procedure.
b) Cumulative number of earthquakes with M≥4.0 in Italy. In the
different intervals the yearly rates, excluding aftershocks of major
earthquakes, are also reported. The time boundary of the intervals
are chosen at the occurrence of strongest earthquakes in January
1968 (Eastern Sicily), May-September 1976 (Friuli) and November
1980 (Irpinia) and indicated with vertical bars. c) Cumulative num-
ber of earthquakes with M≥4.0 in Italy for the corrected catalog
from 1960 to 1996.

quakes in the uncorrected RSNC catalog was already
observed by Wyss et al. (1997).

For the period before year 1981 the PFG Catalog
includes records coming from both instrumental and
macroseismic data. In particular instrumental data are
largely prevailing from about year 1960 to present,
while previously the most of the information were
computed by felt intensity reports. In particular, before
year 1960, the instrumental magnitude was computed
only for the largest shocks (M> 4–5) while for the
most of the other ones the magnitude was deduced

from maximum intensity. It is well known (Bender,
1983) that the use of such data to compute the b-value
can be misleading due to the inaccurate calibration of
the empirical relations and the large binning of data (at
intervals of about 0.5 units).

We must note that in this period the absolute cal-
ibration of local magnitudes appears questionable. In
fact, although the cumulative curve of all located
events (Figure 1) indicates a strong increase of the
network sensitivity starting from year 1981, the rate
of earthquakes above magnitude 4.0 (Figure 2b) de-
creases markedly after this date. Even excluding the
aftershocks of major earthquakes (occurred in Janu-
ary 1968, May-September 1976 and November 1980),
the rate decrease from about 30 to 10 earthquakes per
year. Computing the same cumulative plot for other
magnitude thresholds we obtained similar reductions.

This indicates that before 1981 the calibration of
magnitude in Italy was very different from those res-
ulting from the above-cited revaluation. As the b-value
of the Gutenberg-Richter’s law is close to 1.0, a factor
of 3 among the rates means that the magnitudes before
1981 are on average overestimated about one half of a
unit with respect to the following period. The amount
of this difference might appear quite large but it is
rather typical in such kind of studies (i.e. Wyss et al.,
1997; Perez, 1999). Moreover this overestimation is
not constant over the entire period from 1960 to 1981,
as the yearly rate increase from about 20 events before
1976 to 30 after this date. We can hypothesize that
even this change might be due to a variation in the
magnitude computation methods.

Unfortunately there is no way to recalibrate these
magnitudes from original measures and only an empir-
ical correction can be attempted. Following the same
approach adopted by Wyss et al. (1997) to recalibrate
the uncorrected RSNC catalog, we simply applied a
correction to all magnitudes of the catalog from 1960
to 1980. Assuming that the computation of magnitude,
according to Gasperini (2001), is correct after 1981,
we subtracted 0.3 units from 1960 to 1975 and 0.5
units from 1976 to 1980. As the magnitudes of largest
earthquakes (M>6.0), due to the stronger effort given
by many different organizations in estimating them,
are likely to be better calibrated, we did not apply these
corrections to those events. The result of this operation
is shown in Figure 2c where the rate of M≥4.0 shocks
is now almost constant from 1960 to 1996 (excluding
the bursts of aftershock following major earthquakes).
A similar result is obtained for different magnitude
thresholds. On the basis of this results we confidently
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apply our statistical analyses to the corrected PFG
catalog from Jan 1 1960 to Dec 31 1980 and to the
revised catalog with regional networks included from
Jan 1, 1981 and up to Dec 31 1996. As the cluster-
ing properties of deep or intermediate earthquakes are
likely to be different from shallower ones we discard
the earthquakes deeper than 50 km. This limitation
does not reduce significantly our data set as the Italian
seismicity is mainly shallower than 20–30 km.

We preliminary analyzed these data to expedi-
tiously estimate their level of completeness as a func-
tion of time and magnitude. As a matter of fact an
approximate evaluation of completeness is useful to
apply the aftershock analysis technique (Reasenberg
and Jones, 1989). Many are the methods to assess
the completeness of a seismic catalog that have been
proposed in the past (i.e. Knopoff and Gardner, 1969;
Stepp, 1971; Lee and Brillinger, 1979; Makropulos
and Burton, 1981; Mulargia et al., 1987). However
their application requires in some cases the removal
of dependent events, in others an amount of subjective
judgement or a significant statistical workload so that
all of them seem not to fit well our aims. We followed
instead a simple objective criteria based on the com-
parison of the Gutenberg-Richter’s plot for different
values of the cutoff magnitude.

This is based on the common observation that the
b-value is an increasing function of the cutoff mag-
nitude below the completeness threshold while it is
almost constant above it. Besides completeness, other
factors may induce such behavior as for example the
bad calibration of magnitude or, for large magnitudes,
the lack of faults large enough to generate earthquakes
above a certain size. However, assuming the incom-
pleteness as the only cause of this increasing trend, we
can establish the completeness simply determining the
value of cutoff magnitude where the slope of the b-
value curve changes. So we compared the values of
b and of the corresponding errors computed at differ-
ent cutoff magnitudes with respect to the values at the
maximum threshold for which completeness can be
assumed with confidence. For the whole catalog this
maximum magnitude can be reasonably assumed as to
be 4.0.

For different cutoff magnitude between 1.4 and the
maximum completeness magnitude we thus computed
the MLE of b and of the corresponding errors. Then
we estimated the probability (significance level) of the
H0 hypothesis that the b-value computed for a given
threshold is lower than or equal to the value com-
puted for the maximum threshold. Setting to p =

0.05 the critical significance level of the one tailed
Student-t test, we assumed the lowest magnitude for
which the hypothesis cannot be rejected as complete-
ness threshold. In order to make this criterion more
‘robust’ against anomalous deviations of the b-value
at the maximum magnitude we also computed the sig-
nificance level of possible inversions of the increasing
trend of the b-value. Therefore, still using the Student-
t test, we tested the b-value for each threshold with
respect to upper nearest one against the H0 hypothesis
that the former is lower than the latter and rejecting
the null hypothesis above the critical significance level
p = 0.05. For the whole catalog the completeness is
found for M≥2.7.

For the period from April 1984 to end of 1996,
when the data are more abundant, we also computed
the same statistics for sub catalogs of earthquakes loc-
ated within 100 km from the nodes of a grid of one
degree in latitude by one degree in longitude covering
the whole Italian territory. To strengthen the reliability
of this procedure we only considered the sub catalogs
including at least 30 earthquakes for the magnitude
threshold 2.9.

The results of this analysis are summarized in Fig-
ure 3. We can see how the completeness magnitude
is around 2.2–2.4 for the most of the Italian territ-
ory while it reduces to about 1.4–1.6 in the areas
(Western Alps, Friuli and Marche) where the local
networks contributing to the unified database are op-
erating. Most of the areas with a highest completeness
magnitude are located in the south of Italy (Sicily and
Southern Apennines) where the RSNC network is less
dense. Nevertheless the Calabria region, where one of
the local networks contributing to the unified database
is installed, actually exhibits a lower completeness
magnitude than surrounding regions. Finally in North-
ern Italy the high of completeness magnitude (above
2.6) close to the Po river delta is the consequence
of the absence of seismic stations in this area due to
the difficulty to find low noise sites over the thick
sedimentary cover of the Po Plain.

Seismic sequences detection

Several methods have been proposed in the literature
to detect the aftershocks in a seismic catalogue (Gard-
ner and Knopoff, 1974; Knopoff and Gardner, 1972;
Keilis-Borok et al., 1980; Reasenberg 1985; Gasperini
and Mulargia, 1989). In most cases the main pur-
pose of these techniques was to obtain a Poissonian
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Figure 3. Spatial distribution of completeness magnitude for the revised catalog from April 1984 to 1996. The labeled dots indicate the location
of the analyzed sequences, while the ovals represent the spatial gathers of sequences (see text).

catalogue to be used in statistical analysis and seis-
mic hazard estimations so that the adopted criteria are
optimized in order not to miss possible independent
events in the resulting ‘declustered’ catalog.

Our problem here is instead quite different since
we are interested in the statistical modeling of the
‘clustered’ events so our major requirement is rather
to include all possible dependent events into the se-

quences. Therefore to maximize the efficiency of
seismic sequences detection we chose to tackle the
problem under different approaches and to evaluate
their appropriateness by a comparison of the results.

We first analyzed the seismic catalogs using the al-
gorithm for sequence detection developed by Reasen-
berg (1985) that in part is based on the same theoret-
ical grounds of the seismic sequence model described
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above. Reasenberg (1985) describes the population of
aftershocks as a chain of events linked to each other by
a space-time ‘interaction zone’ whose extent depends
on the moment magnitude of prior events. An event,
occurring within the interaction zone of a prior earth-
quake, should be considered statistically dependent on
it and thus belonging to a cluster including the two
events and all other events associated to them. The
spatial extent of the interaction zone is based on an es-
timate of the stress redistribution in the vicinity of the
earthquake, while the temporal extent is established
on the basis of a probabilistic model. Reasenberg
(1985) assumes that the two strongest contributors to
the stress redistribution are the most recent and the
largest event in the current sequence and ignores all
other contributions. The spatial extent for the strongest
event is taken as coincident to its source dimension,
estimated as the radius r of a circular crack (Kanamori
and Anderson, 1975)

r =
(

7

16
M0�σ

)1/3

(19)

where M0 is the seismic moment and �σ the stress
drop (assumed 3 MPa for all earthquakes). For the
most recent event the influence radius is scaled in-
stead by its source dimension times a parameter Q (of
the order of 10). The time span τ is computed as a
function of the expected rate of shocks, deduced by
the Omori’s law, at the time t after the beginning of
the sequence. Assuming a given probability level P of
observing one or more events in the Poisson process
with time-dependent rate, the time span is

τ = −ln(1 − P)t

10K(�M)
(20)

where K(�M) is the parameter of the Omori’s law
for the given sequence of shocks with magnitude ran-
ging from the cutoff magnitude Mc to the main shock
magnitude Mm (�M = Mm – Mc). For California
Reasenberg (1985) assumed K(�M)=2/3(�M–1) and
also established an upper limit of 10 days for τ to ac-
count for the background seismicity and a lower limit
of 1 day for the earthquakes not already associated to
a cluster.

In the Fortran code Cluster5 that can be down-
loaded from the anonymous ftp site of the Paul
Reasenberg, some other adjustment not mentioned on
the paper are included. In particular r is limited to a
maximum of 30 km and also the location errors of both
the prior and the actual earthquakes are subtracted to
the computed relative distance before the comparison
with r. Moreover the lower limit for τ is actually raised

to 2 days. Also the formula for the Omori’s K(�M)
parameter is modified as

K(�M) = 2
3 [(1 − XK)Mm − Mc] (21)

where XK = 0.5.
To adapt the Reasenberg’s algorithm to the differ-

ent experimental framework of the Italian catalog we
make some further adjustments. In particular we con-
sider in all of the cases a fixed location uncertainty
7.5 km, for both the prior and actual events, to be sub-
tracted from the computed distance as well as we use a
conversion rule between local magnitude and seismic
moment appropriate for Italy (Gasperini and Ferrari,
2000)

log10M0 = 1.22Ml + 17.7 (22)

Moreover to assure a better efficiency in view of the
above discussed arguments we assume a source di-
mension large as twice as the circular crack radius as
well as we take Q = 20 and P = 0.99.

In a second stage we applied to our data set a
simpler algorithm of sequence detection that collects
all of the events included in a simple time and space
window from each significant earthquake (Ml≥4.3)
included in the database. This simple method is ana-
logous to the one proposed by Gardner and Knopoff
(1974) to obtain a Poissonian catalog to be used in
seismic hazard estimates. Although less refined and
physically grounded of the Reasenberg’s one, this al-
gorithm is less sensitive to the omission of shocks due
to failures of the network and to the incompleteness of
the catalog. The space span of the window is roughly
established as four times the main shock subsurface
rupture length (RLD) computed from moment mag-
nitude by Wells and Coppersmith (1994) formulas for
all types of sources, plus 15 km to account for the
location errors. In summary this corresponds to take

r = 15 + 4 · 100.48Mm−1.81 (23)

where Mm is the main shock local magnitude.
The length of the time window is empirically

established as

τ = 60 + 60(Mm − 4.0) (24)

The application of these formulas gives for example
24 km and three months for a main shock with Mm =
4.5 and 62 km and six months for a Mm = 6.0 shock.
These window extents appear to be comparable in
size to the ones empirically deduced by Gardner and
Knopoff (1974) for Southern California. A sequence
is ended, even before the time window termination,
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Table 1. List of sequences detected in the Italian catalog from 1960 to 1996 using the
Reasenberg (1985) algorithm (data set A). Mm is the main shock magnitude, Mmin and
Naf t the minimum magnitude and the total number of the aftershocks respectively, Dur is
the total duration of the sequence. Latitute (Lat) and longitude (Lon) of the main shock are
in degrees and minutes.

Seq Date Time Lat Lon Mm Mmin Naf t Dur

A01 24-03-1961 10:36 38 9 15 36 4.7 1.5 28 1

A02 19-07-1963 5:45 43 9 8 5 5.3 1.9 45 14

A03 25-01-1968 9:56 37 42 13 6 5.4 2.6 25 21

A04 4-02-1972 2:42 43 38 13 33 4.5 2.4 148 26

A05 14-06-1972 18:55 43 39 13 36 4.4 2.2 31 12

A06 6-05-1976 20:00 46 15 13 15 6.1 1.7 559 247

A07 16-09-1977 23:48 46 18 12 59 4.7 2.1 22 27

A08 15-04-1978 23:33 38 16 15 6 5.0 1.7 57 68

A09 19-09-1979 21:35 42 43 12 57 5.0 1.5 202 63

A10 28-02-1980 21:04 42 48 12 58 4.3 1.4 124 43

A11 23-11-1980 18:34 40 48 15 22 6.5 2.1 108 67

A12 29-04-1984 5:02 43 12 12 35 5.2 1.6 297 102

A13 7-05-1984 17:49 41 40 13 49 5.8 1.8 386 128

A14 15-08-1985 18:58 44 36 9 38 4.4 1.5 62 91

A15 3-07-1987 10:21 43 12 13 54 4.4 1.4 72 23

A16 4-09-1987 16:42 43 11 13 51 4.6 1.6 26 19

A17 5-05-1990 7:21 40 39 15 53 5.5 1.5 144 25

A18 26-05-1991 12:25 40 41 15 49 4.5 1.3 49 46

A19 28-08-1992 13:05 39 38 15 28 4.3 1.7 19 41

A20 26-06-1993 17:47 38 2 14 10 4.3 1.2 565 115

A21 5-06-1993 19:16 43 7 12 43 4.5 1.2 230 151

A22 20-04-1994 21:25 46 19 12 35 4.4 1.2 19 7

A23 23-07-1994 20:57 42 57 13 13 4.4 1.4 20 26

A24 30-09-1995 10:14 41 47 15 58 4.8 1.4 127 78

A25 10-10-1995 6:54 44 7 9 60 4.3 1.3 33 21

A26 31-12-1995 21:29 44 25 10 34 4.8 1.3 34 24

A27 3-04-1996 13:04 40 40 15 27 4.4 1.2 173 110

A28 13-04-1996 13:00 46 19 12 36 4.4 1.2 39 49

A29 10-07-1996 10:25 43 9 12 59 4.4 1.2 38 26

A30 15-10-1996 9:55 44 48 10 41 5.5 1.3 237 77

when a stronger shock occurs within the window. To
investigate on the ability of late strong aftershocks
(Ma≥Mm–1.0) to induce a renewal of the sequence
activity we also allow the algorithm to detect sub-
sequences originated by strong aftershocks occurring
more than three days after the main shock. It must be
noted here that this procedure may give sometimes se-
quences partially overlaying each other. In these cases
we will analyze the main sequence with the data of
the subsequence either included or removed and will
choose as representative the best fitting one.

For both methods we only considered the se-
quences having a main shock with Ml≥4.3 and includ-

ing at least 20 aftershocks with Ml≥1.2. We detected
in all 30 distinct sequences using the Reasenberg’s
algorithm (data set A, reported in Table 1) and 44
sequences (some of which partially overlying each
other) using our simple algorithm (data set B, repor-
ted in Table 2). In the following we will consider
sequences coming from the two different data sets
as corresponding each other if they include the same
main shock. On the basis of this criteria in Table 2
we reported in the second column the number of the
corresponding sequence of Table 1. The most (28) of
these sequences are detected by both the algorithms
although the time duration is different and is usually
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Table 2. As in Table 1 but for sequences detected using the simple window algorithm (data set B).
DSA indicates the code of the corresponding sequence (including the same main shock) in data set A

Seq DSA Date Time Lat Lon Mm Mmin Naf t Dur

B01 A01 24-03-1961 10:36 38 9 15 36 4.7 1.5 29 9

B02 A02 19-07-1963 5:45 43 9 8 5 5.3 1.9 47 48

B03 A02 19-07-1963 5:46 43 18 8 12 5.3 1.9 47 48

B04 — 14-01-1968 13:15 37 42 13 6 4.6 2.6 89 9

B05 A03 25-01-1968 9:56 37 42 13 6 5.4 2.6 42 133

B06 A05 14-06-1972 18:55 43 39 13 36 4.4 2.2 33 42

B07 A06 6-05-1976 20:00 46 15 13 15 6.1 1.9 539 176

B08 A06 11-09-1976 16:35 46 18 13 19 5.5 1.9 52 3

B09 A06 15-09-1976 3:15 46 16 13 9 5.7 2.2 189 142

B10 A06 15-09-1976 9:21 46 18 13 11 5.7 2.2 179 142

B11 A07 16-09-1977 23:48 46 18 12 59 4.7 1.8 29 105

B12 A08 15-04-1978 23:33 38 16 15 6 5.0 1.7 57 127

B13 — 24-05-1979 17:23 42 6 18 45 6.1 2.9 23 138

B14 A09 19-09-1979 21:35 42 43 12 57 5.0 1.3 289 127

B15 A10 28-02-1980 21:04 42 48 12 58 4.3 1.4 131 92

B16 A11 23-11-1980 18:34 40 48 15 22 6.5 2.1 133 193

B17 A12 29-04-1984 5:02 43 12 12 35 5.2 1.5 297 136

B18 A13 7-05-1984 17:49 41 40 13 49 5.8 1.8 402 166

B19 A13 11-05-1984 10:41 41 39 13 51 5.3 1.8 328 141

B20 A13 1-07-1984 7:47 41 42 13 55 4.4 1.8 86 98

B21 A14 15-08-1985 18:58 44 36 9 38 4.4 1.5 62 91

B22 A15 3-07-1987 10:21 43 12 13 54 4.4 1.6 59 47

B23 A16 4-09-1987 16:42 43 11 13 51 4.6 1.7 24 77

B24 — 24-02-1988 12:40 46 21 13 7 4.5 1.2 49 99

B25 — 26-04-1988 0:53 42 13 16 39 5.1 2.1 27 107

B26 — 28-10-1988 18:48 37 46 15 10 4.4 1.6 27 78

B27 — 26-11-1989 20:03 44 33 7 14 5.2 1.2 26 129

B28 A17 5-05-1990 7:21 40 39 15 53 5.5 1.5 156 147

B29 — 13-12-1990 0:24 37 19 15 19 5.1 1.8 20 86

B30 A18 26-05-1991 12:25 40 41 15 49 4.5 1.3 60 99

B31 — 31-10-1991 9:31 44 56 10 0 4.3 1.8 25 65

B32 — 15-12-1991 20:00 37 43 14 58 4.3 1.5 21 79

B33 A19 28-08-1992 13:05 39 38 15 28 4.3 1.7 22 86

B34 A21 5-06-1993 19:16 43 6 12 43 4.5 1.2 118 102

B35 A20 26-06-1993 17:47 38 2 14 10 4.3 1.2 547 93

B36 A22 20-04-1994 21:25 46 19 12 35 4.4 1.2 36 98

B37 — 23-07-1995 18:44 38 32 14 36 4.7 2.2 24 84

B38 A24 30-09-1995 10:14 41 47 15 58 4.8 1.4 119 115

B39 A25 10-10-1995 6:54 44 6 10 0 4.3 1.3 38 77

B40 A26 31-12-1995 21:29 44 25 10 34 4.8 1.3 44 114

B41 A27 3-04-1996 13:04 40 40 15 27 4.4 1.2 99 92

B42 A28 13-04-1996 13:00 46 19 12 36 4.4 1.2 46 97

B43 A29 10-07-1996 10:25 43 9 12 59 4.4 1.2 74 98

B44 A30 15-10-1996 9:55 44 48 10 41 5.5 1.3 230 77
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longer for data set B. The comparison of correspond-
ing sequences observed over different time intervals
can be useful to evaluate the role played by the
background seismicity in the assessment of sequence
parameters.

Two sequences are only detected by the Reasen-
berg’s algorithm (A04 and A23 in Table 1) while nine
sequences are only detected by the simple window one
(B04, B13, B24, B25, B26, B27, B29, B31, and B37
in Table 2). As the simple window algorithm is ob-
viously more efficient, its omission of two sequences
detected by Reasenberg’s one is not easy to explain.
We could argue that a significant migration of the
aftershock area away from the main shock location
took place for these sequences. As a matter of fact
the Reasenberg’s algorithm is able to account for such
migration as the spatial window spans not only from
the main shock but also from the last shock in the
sequence.

Three sequences of data set A (A02, A06, and
A13 in Table 1) are split into several ones in data
set B. Among them the 1976 Friuli sequence (A06)
and the 1984 Val Comino one (A13) are well known
multiple main shock seismic periods where a strong
reprise of the activity took place some months after
the first main shock. A different situation concerns the
1963 Ligurian Sea sequences (B02 and B03) of data
set B. These are originated by two main shocks of the
same magnitude (5.3) separated in time by less than
two minutes and in space by about 15 km. These data
appear somehow suspect as the superimposed traces
and codas of these two shocks decreases the quality of
the location accuracy and of the magnitude determina-
tion of the second shock. We will anyhow analyze both
these sequences and will decide the most significant
one on the basis of modeling results.

Analysis of aftershock occurrence

We modeled the aftershock occurrence using the As-
par3x program that, as well as the above-mentioned
Cluster5 program, is available at the anonymous ftp
site of Paul Reasenberg. Aspar3x is a nice implement-
ation of the methodology described by Reasenberg and
Jones (1989) that allows a graphical interaction with
data and includes some statistical test to evaluate the
goodness of fit of the model. It also gives the pos-
sibility to vary repeatedly both the starting time (S)
and the minimum magnitude Mc in order to evaluate
visually the behavior of the completeness (from the

Gutenberg and Richter plot) and the stability of estim-
ated parameters. We found for almost all sequences a
good stability of parameters, starting from reasonable
time and magnitude thresholds.

The first goodness of fit tests performed by As-
par3x compares the observed and computed after-
shock rates over successive time intervals of logar-
ithmically increasing size by the χ2 statistics, while
the second one compares the observed and computed
cumulative probability distribution function by the
Kolmogorov-Smirnov one sample test. In both cases
a significance level below 0.05 suggests to reject the
H0 hypothesis that the data follows the statistical dis-
tribution described by the model and thus to discard
the modeling of the sequence. In general only the
sequences fulfilling both tests have been considered
for further analyses but in one case we accepted the
modeling of a sequence (B35), including a very large
number of shocks, for which only the Kolmorogov-
Smirnov test was successful. The parameters and the
significance levels resulting from these computations
are shown in Table 3. For the partially overlapping
sequences of the 1976 Friuli earthquakes (B07, B08,
B09 and B10) and of the 1984 Val Comino earth-
quakes (B17, B18, B19 and B20) the best fit is
obtained considering each subsequence as non over-
lapping. That is, we truncated each sequence before
the beginning of the following one. Nevertheless a
good fit of sequence B09 was not possible anyway.

In all we were able to reliably model 21 sequences
of data set A and 32 sequences of data set B, 19
of them are common to both sets. The agreement
among the parameters of the corresponding sequences
of the two data sets appears quite good within the error
bounds (see Table 3). The major discrepancies concern
both the sequences in 1980 (A10-B15 and A11-B16)
and the first one in 1993 (A21-B34). Even considering
the estimation error bounds, the p and b parameters of
these sequences are not compatible among each other.
However it must be noted that this inconsistency can
be partially justified by the poor or weak fit of the
sequences coming from data set A, as indicated by
the low significance of the χ2 test. On the contrary
the modeling is significantly better for the correspond-
ing sequences from data set B that thus have to be
preferred.

In the less complete part of the catalog (before
1984), the sequences of data set B usually fit the after-
shock distribution model better than the corresponding
sequences of data set A. On the contrary after 1984
the fit is better in most cases for the sequences of data
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Table 3. Estimated parameter values (p, c, b, a), estimation errors (err p, err c, err b, err a) and significance levels (P(χ2),
P(KS)) of the goodness of fit tests for the modeled sequences of data sets A and B. Mmin is the minimum magnitude
used for the modeling of time behavior parameters and ‘Mcut ’ is the cutoff magnitude used to compute parameter b. The
corresponding sequences and subsequences of the two data sets belonging to the same seismic period are reported on
consecutive lines. The asterisks in column ‘Sel’ indicate the sequences selected for further computations. ‘Nc’ indicates
that the modeling of sequence was not possible due to poor data

Seq Mmin Mcut p err p c err c b err b a err a P(χ2) P(KS) Sel

A01 1.5 2.1 3.62 3.97 0.23 0.42 0.88 0.25 –2.41 0.85 0.66 >0.20

B01 1.5 2.1 2.07 0.57 0.07 0.07 0.88 0.25 –2.36 0.82 0.72 >0.20 ∗
A02 2.3 3.0 1.26 0.23 0.08 0.09 0.82 0.20 –1.38 0.60 0.24 >0.20

B02 2.3 3.0 1.26 0.16 0.06 0.06 0.98 0.22 –1.74 0.67 0.32 >0.20 ∗
B03 2.3 3.0 1.26 0.17 0.08 0.07 0.83 0.19 –1.38 0.57 0.20 >0.20

B04 0.03 >0.20

A03 2.6 3.3 0.47 0.23 0.03 0.37 1.19 0.32 –2.29 0.89 0.68 >0.20

B05 2.6 3.3 0.64 0.12 0.03 0.20 1.14 0.24 –2.18 0.67 0.80 >0.20 ∗
A04 0.00 <0.01

A05 Nc Nc

B06 0.00 >0.05

A06 2.4 3.1 0.87 0.10 0.02 0.03 0.82 0.13 –1.57 0.49 0.12 >0.20

B07 2.4 3.1 0.91 0.11 0.02 0.03 0.82 0.14 –1.62 0.52 0.30 >0.20 ∗
B08 2.4 3.3 0.68 0.31 0.04 0.16 1.03 0.31 –1.71 0.96 0.81 >0.10 ∗
B09 0.03 >0.20

B10 2.4 3.0 1.01 0.08 0.23 0.14 0.94 0.13 –1.59 0.45 0.33 >0.20 ∗
A07 2.2 2.7 0.73 0.60 1.00 3.50 1.13 0.38 –2.04 1.04 0.72 >0.20 ∗
B11 2.2 2.7 1.04 0.42 1.96 3.44 1.17 0.37 –1.88 1.02 0.65 >0.20

A08 2.1 2.9 0.55 0.17 0.10 0.63 0.99 0.21 –1.84 0.61 0.37 >0.20

B12 2.1 2.9 0.64 0.15 0.10 0.50 1.05 0.23 –2.01 0.68 0.70 >0.20 ∗
B13 Nc

A09 0.00 >0.20

B14 0.00 >0.05

A10 1.4 2.4 0.96 0.11 0.23 0.18 0.98 0.18 –1.10 0.53 0.30 >0.20

B15 1.4 2.4 1.09 0.11 0.34 0.21 0.94 0.17 –0.94 0.50 0.46 >0.20 ∗
A11 2.6 3.6 0.77 0.09 0.12 0.15 0.99 0.19 –2.32 0.73 0.15 >0.20

B16 2.6 3.6 0.92 0.09 0.44 0.35 0.97 0.17 –2.15 0.67 0.25 >0.20 ∗
A12 2.0 2.7 1.26 0.08 0.36 0.13 1.02 0.13 –1.28 0.41 0.10 >0.20

B17 2.0 2.7 1.27 0.08 0.39 0.14 1.04 0.13 –1.34 0.43 0.14 >0.20 ∗
A13 0.00 <0.01

B18 2.2 2.8 0.86 0.25 0.01 0.04 0.79 0.19 –1.69 0.69 0.34 >0.20 ∗
B19 2.0 2.2 1.27 0.12 0.26 0.11 0.84 0.06 –0.94 0.22 0.76 >0.20 ∗
B20 2.0 2.5 0.88 0.33 4.16 6.11 1.22 0.17 –1.23 0.46 0.06 >0.20 ∗
A14 0.02 >0.05

B21 0.06 <0.05

A15 1.9 2.5 1.36 0.32 0.52 0.47 0.79 0.19 –0.68 0.57 0.69 >0.20 ∗
B22 1.9 2.4 1.30 0.22 0.34 0.29 0.82 0.19 –0.81 0.50 0.57 >0.20

A16 1.9 2.3 0.62 0.30 0.06 0.44 0.63 0.22 –1.44 0.71 0.84 >0.20

B23 1.9 2.3 0.78 0.19 0.06 0.29 0.74 0.22 –1.63 0.65 0.88 >0.20 ∗
B24 Nc Nc

B25 0.01 <0.05

B26 0.00 >0.05

B27 Nc Nc

A17 1.9 2.4 0.91 0.08 0.03 0.03 1.00 0.13 –2.16 0.49 0.18 >0.20
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Table 3. Continued

Seq Mmin Mcut p err p c err c b err b a err a P(χ2) P(KS) Sel

B28 1.9 2.4 1.06 0.06 0.07 0.04 0.94 0.11 –1.91 0.42 0.18 >0.20 ∗
B29 1.9 2.4 1.93 1.20 7.45 11.1 1.04 0.43 –0.86 1.67 0.28 >0.20 ∗
A18 0.00 >0.20

B30 0.01 >0.20

A19 1.7 2.5 0.68 0.47 0.44 3.03 0.91 0.46 –1.96 1.34 0.55 >0.20 ∗
B31 1.7 2.5 0.50 0.20 0.06 0.57 0.82 0.21 –1.48 0.56 0.53 >0.05

B32 0.26 <0.01

B33 1.7 2.2 1.01 0.52 2.14 5.27 0.97 0.48 –1.56 1.51 0.76 >0.20 ∗
A21 0.04 >0.20

B34 1.4 1.8 0.62 0.07 0.01 0.05 1.48 0.19 –3.34 0.59 0.29 >0.20 ∗
A20 1.3 2.2 0.83 0.04 0.17 0.11 0.91 0.11 –1.01 0.35 0.00 >0.20

B35 1.3 2.2 0.78 0.04 0.10 0.08 0.91 0.12 –1.06 0.35 0.00 >0.20 ∗
A22 1.2 1.5 0.85 0.26 0.01 0.06 0.99 0.31 –2.60 1.01 0.40 >0.20 ∗
B36 1.2 1.5 0.75 0.11 0.01 0.06 0.99 0.21 –2.55 0.68 0.12 <0.05

A23 1.8 1.9 0.70 0.31 0.03 0.25 0.94 0.35 –2.41 0.98 0.82 >0.20 ∗
B37 2.2 2.6 1.14 0.22 0.12 0.30 1.10 0.28 –1.78 0.70 0.47 >0.20 ∗
A24 1.7 2.2 0.80 0.08 0.11 0.12 0.80 0.11 –1.25 0.34 0.93 >0.20 ∗
B38 1.7 2.2 1.00 0.11 0.37 0.28 0.83 0.12 –1.20 0.38 0.91 >0.20

A25 1.4 1.8 0.95 0.16 0.01 0.04 1.31 0.33 –2.88 0.95 0.82 >0.20 ∗
B39 1.4 1.8 0.91 0.13 0.03 0.08 1.26 0.33 –2.86 0.95 0.55 >0.10

A26 0.02 <0.05

B40 1.4 1.7 0.97 0.13 0.07 0.15 1.26 0.28 –3.43 0.97 0.60 >0.20 ∗
A27 0.00 <0.01

B41 0.00 <0.01

A28 1.2 1.5 0.93 0.12 0.01 0.03 0.83 0.19 –2.02 0.62 0.96 >0.20 ∗
B42 1.2 1.5 0.89 0.09 0.01 0.03 0.84 0.16 –1.96 0.53 0.96 >0.20

A29 0.02 >0.15

B43 0.00 >0.10

A30 1.7 2.4 0.93 0.06 0.08 0.05 0.98 0.11 –1.98 0.42 0.26 >0.20 ∗
B44 1.7 2.4 0.97 0.06 0.10 0.06 0.98 0.11 –1.96 0.43 0.26 >0.20

set A. This could indicate that the simple window al-
gorithm is more efficient than the Reasenberg’s one
for low quality or incomplete data while the latter is
preferable when the quality and the completeness of
the catalog is high.

For cases where a sequence is available from both
data sets, we selected for further computations the
best fitting one, on the basis of the significance levels
of statistical tests, as representative of both of them.
These preferred sequences are indicated with an aster-
isk in Table 3. We have in all 30 sequences, 9 coming
from data set A and 21 from data set B. It interesting
to note that 8 over the 9 of data set A have a main
shock magnitude lower than 5.0 while for 16 over
21 of data set B the main shock magnitude is larger
than this value. This could indicate that the Reasen-

berg’s algorithm is more appropriate for low energy
sequences while the simple window one is preferable
for the strongest ones.

Using these choices we can compute average val-
ues of the model parameters representative of the
whole data set to be used for a priori prediction of
aftershock behavior. Following Reasenberg and Jones
(1989) we computed the arithmetic means with the
corresponding errors and the medians (reported in
Table 4). These can be compared with analogous es-
timates made for different areas of the world also
reported in Table 4. For New Zealand the arithmetic
means and corresponding errors reported in Table 4
are re-computed from the single sequence parameters
reported in Table 1 of Eberhard-Phillips (1998).
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Table 4. Comparison of mean parameters (p,c,b,a) and corresponding errors of
the mean (err p, err c, err b, err a) for different regions of the world. For New
Zealand the values have been re-computed from the parameters values listed in
Table 1 of Eberhard-Phillips (1998)

Italy (present work)

p err p c err c b err b a err a

Mean 0.99 0.06 0.61 0.27 1.00 0.03 –1.85 0.12

Median 0.92 0.09 0.98 –1.84

California (Reasenberg and Jones, 1989)

p err p c err c b err b a err a

Mean 1.07 0.03 - - 0.90 0.02 –1.76 0.07

Median 1.08 0.05 0.91 –1.67

New Zealand (Eberhart-Phillips, 1998)

p err p c err c b err b a err a

Mean 1.04 0.08 0.08 0.11 1.01 0.04 –1.79 0.18

Median 1.02 0.03 1.03 –1.66

In general we can note that parameter p, estimated
for Italy, is lower than that of other regions thus in-
dicating a slower decay of aftershocks activity with
respect to California and New Zealand, while para-
meter b stays about in the middle between these two
areas. The estimated value of parameter a would in-
dicate that the ‘productivity’ of sequences in Italy is
slightly lower than in other regions. As regards para-
meter c we can note that while the median gives a
value similar to the other regions the arithmetic mean
gives instead a significantly higher value. This para-
meter is the only one for which a relevant difference
can be observed between the mean and the median.
To better evaluate the difference between these regions
we reported in Figure 4 the evolution with time after
the main shock of the daily rates of aftershocks with
magnitude larger than main shock magnitude minus
3 units, resulting from the median values of paramet-
ers reported in Table 4. We can see how Italy stays
about in the middle between the most productive New
Zealand and the least productive California.

The strong discrepancy found in Italy between the
mean and the median for parameter c shed light on
the different nature of such parameter with respect
to the other ones. In fact, while p, b and a show a
statistical distribution that, although not Gaussian, is
somehow symmetrical with respect to central estim-
ators (Figure 5), for parameter c the most of data are

Figure 4. Comparison of the rate of aftershocks with M ≥ Mm–3
for Italy (solid), California (dashed) and New Zealand (dotted),
based on median parameters of Table 4.

concentrated at the very lowest values (Figure 6a) with
few very large outlayers that however weight much in
the arithmetic mean. In general the frequency distri-
bution of c parameters looks similar to a decreasing
exponential rather than a Gaussian bell. The reason of
such behavior can be found in the role of c parameter
in the Reasenberg and Jones’ formula as this is the
only one that is not an exponent. If we plot instead
the frequency distribution of Log10(c) we can note
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Figure 5. Distribution of parameters (b, p and a) determined for the
30 sequences selected for averaging. In each panel the upper bar
indicates the parameter mean and the ± 1 s.d. confidence intervals
while the lower solid block indicate the median and the location of
data at 10%, 25%, 75% and 90% of the distribution.

(Figure 6b) how this is now fairly symmetrical with
respect both to the median and the arithmetic mean
as well as that the two estimators closely correspond
each other. On the basis of this considerations we can
reasonably assume that the best central tendency es-
timator for parameter c is the geometric mean instead
of the simple arithmetic average. Thus we reported in
the following the central tendency estimators and the
precision indexes for Log10(c) instead of c.

Figure 6. In a) distribution of parameter c determined for the 30
sequences selected for averaging. In b) distribution of Log10 (c) the
upper bar indicates the parameter mean and the ± 1 s.d. confidence
intervals while the lower solid block indicate the median and the
location of data at 10%, 25%, 75% and 90% of the distribution.

Trying to go deeper inside the properties of the
estimated parameters we computed the average val-
ues for different partitions of our data set. In Table 5,
besides the simple mean and the median, we also re-
ported two weighted averages computed using as a
weight the inverse of the squared s.d. (weighted aver-
age SQ) and of the simple s.d. respectively (weighted
average). The first one is the natural weight for meas-
ures of the same quantity with different accuracy
(Taylor, 1997) whenever the statistical distribution is
Gaussian, while the second is a milder weight which
have been used already by Eberhard-Phillips (1998)
for averaging aftershock sequence parameters in New
Zealand.

In Table 5 we report as dispersion indexes, the s.d.
of the parameter sample rather than the errors of the
mean as done in Table 4. As a matter of fact, the dif-
ferent parameter estimates cannot be really considered
as random measures coming from the same statistical
population but rather distinct outcomes corresponding
to the different physical properties of the different se-
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Table 5. Central tendency estimators (p, Log(c), b, a) and corresponding s.d. (std p, std Log(c),
std b, std a) for the whole set of modeled sequences and for various subsets. The weighted
average (SQ) is computed using as weight the inverse of the squared standard error of single
determinations. For the weighted average the weight is the inverse of the error. For the median,
the dispersion index is the median of the absolute deviation

Whole set (30 sequences)

p std p Log c std c b std b a std a

Weighted average (SQ) 0.91 0.20 –1.64 0.82 0.94 0.16 –1.55 0.68
Weighted average 0.94 0.23 –1.46 0.52 0.97 0.16 –1.71 0.65
Median 0.92 0.16 –1.05 0.52 0.98 0.11 –1.84 0.32
Arithmetic mean 0.99 0.33 –0.94 0.94 1.00 0.17 –1.85 0.66

Mm<5.0 (17 sequences)

p std p Log c std c b std b a std a

Weighted average (SQ) 0.81 0.21 –1.83 0.96 0.96 0.21 –1.57 0.84
Weighted average 0.87 0.22 –1.61 0.52 0.99 0.21 –1.77 0.80
Median 0.88 0.13 –1.00 0.64 0.94 0.14 –1.96 0.64
Arithmetic mean 0.96 0.33 –0.95 0.80 1.01 0.20 –1.95 0.79

Mm≥5.0 (13 sequences)

p std p Log c std c b std b a std a

Weighted average (SQ) 1.01 0.17 –1.46 0.71 0.93 0.12 –1.52 0.52
Weighted average 1.00 0.21 –1.31 0.47 0.96 0.11 –1.66 0.44
Median 0.93 0.25 –1.10 0.46 0.98 0.06 –1.74 0.27
Arithmetic mean 1.03 0.34 –0.94 0.71 0.98 0.11 –1.71 0.41

Dataset A (19 sequences, in common with dataset B)

p std p Log c std c b std b a std a

Weighted average (SQ) 0.87 0.20 –1.67 0.69 0.92 0.11 –1.57 0.58
Weighted average 0.88 0.21 –1.50 0.48 0.93 0.13 –1.68 0.56
Median 0.85 0.11 –1.00 0.52 0.98 0.07 –1.96 0.45
Arithmetic mean 1.01 0.65 –1.06 0.59 0.95 0.15 –1.82 0.57

Dataset B (19 sequences, in common with dataset A)

p std p Log c std c b std b a std a

Weighted average (SQ) 0.89 0.19 –1.59 0.66 0.94 0.10 –1.59 0.54
Weighted average 0.92 0.22 –1.40 0.47 0.94 0.11 –1.68 0.52
Median 0.92 0.14 –1.16 0.37 0.94 0.10 –1.88 0.30
Arithmetic mean 0.98 0.33 –1.03 0.59 0.96 0.13 –1.78 0.53

Corrected PFG Catalog 1960–1980 (10 sequences)

p std p Log c std c b std b a std a

Weighted average (SQ) 0.94 0.19 –1.49 0.62 1.00 0.12 –1.83 0.43
Weighted average 0.94 0.26 –1.29 0.41 1.00 0.12 –1.85 0.41
Median 0.92 0.21 –1.08 0.42 1.00 0.10 –2.02 0.22
Arithmetic mean 1.00 0.41 –0.95 0.53 1.01 0.11 –1.88 0.38

Revalued RSNC Catalog 1981–1996 (20 sequences)

p std p Log c std c b std b a std a

Weighted average (SQ) 0.90 0.20 –1.69 0.88 0.93 0.17 –1.46 0.74
Weighted average 0.93 0.21 –1.53 0.54 0.96 0.18 –1.66 0.72
Median 0.93 0.15 –1.05 0.67 0.94 0.11 –1.69 0.46
Arithmetic mean 0.99 0.29 –0.94 0.86 0.99 0.19 –1.83 0.76
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quences. For the median we report as dispersion index
the median of the absolute deviations. This is not dir-
ectly comparable to the s.d. but rather corresponds to
the most probable deviation of the sample that is about
68% of the s.d.

In general the variations of parameters among dif-
ferent sets lay within the s.d. bounds, anyway we can
note that the stronger the weight the larger the value
of a and the lower the values of other parameters. In
most cases indeed the squared error weighted average
and the arithmetic mean give the extreme values while
the median and the simple error weighted average stay
about in the middle.

The behavior of ‘productivity’ parameter a can
shed light on a possible deceptive role of excessively
strong weighting. We can see in Table 5 that in most
cases the squared error weighted average of a is about
0.2–0.4 larger than the other estimates. As this estim-
ate mainly reflects the values coming from the best
fitting sequences (with smaller uncertainties) we could
infer that this is actually the most representative value
for the Italian area. However, as these well fitting se-
quences usually include more shocks than the others,
this difference could be just the results of their higher
productivity with respect to the average. So we believe
more reasonable to take the median or the simple er-
ror weighted average as representative estimate for the
different data sets.

>From Table 5 we can also note that parameter p is
slightly lower for the Mm<5.0 set with respect to the
other ones. In other words the sequences originated by
weak main shocks appear to decay slowly than those
originated by strong shocks. Although a different be-
havior between sequences with strong and weak main
shocks cannot be excluded, another possible explan-
ation could involve the role of background seismicity.
In fact, the effect of a continuos (not triggered) seismic
activity in the area can induce an apparent decay of the
aftershock rate slower than real which is reflected by
a lower value of parameter p fitted by the sequence
modeling algorithm. As the shock rates are lower on
average for the sequences with weak main shocks,
this bias would be more influential on such sequences
and thus contaminate significantly the corresponding
averages.

The comparison between average estimates done
using the sequences detected by different algorithms
(data set A and B) do not show appreciable dif-
ferences thus confirming that the sequence detection
method does not influence significantly the estimated
parameters.

The results of the partitioning of the modeled
sequences data set on the basis of origin catalog (cor-
rected PFG before 1980 and revalued RSNC file after
this date) indicate an excellent stability for parameters
p and c. However clear difference, although within
the s.d. bounds, can be noted for parameters a and
b. In particular for the PFG catalog the value of b is
larger and the value of a is smaller than for the reval-
ued RSNC catalog. Although the differences are small
(about 6–7% for b and 0.3 for a) they might reflect
a residual bias in the calibration of magnitude among
the two catalogs. However we must note that, due to
the strict correlation between the two parameters (as b
enters in the definition of a), part of the average differ-
ence on parameter a (about 0.2, assuming on average
Mm − Mc = 3.0) may be just the effect of the average
deviation on b. Hence, considering that the magnitude
of future shocks will be computed using the same pro-
cedure followed in the most recent catalog, we can
confidently assume the parameter values determined
for that catalog as a priori estimates useful for the
prediction of the behavior of future seismic crisis in
the first days after the main shock.

In Table 6 we report the parameter averages made
over gathers of sequences located in different areas
of the Italian territory (see Figure 3). We concen-
trate our attention on the two intermediate estimators
(simple error weighted average and median) that, on
the basis of the above considerations, seem to give
a more significant evaluation of the central tendency
of the samples. The general reduction of the disper-
sion index values as well as of the differences between
the weighted average and the median indicate a fairly
good spatial coherence of parameters p, Log10(c) and
a. Under the hypothesis of Gaussian distribution, the
values of the productivity a for the Val Comino set
appears to belong to a significantly different statist-
ical populations with respect to Friuli and Northern
Apennines. As well the Log10(c) values for Irpinia and
Calabria-Sicily significantly differs from the Italian
average and from the averages of the most of the other
regions. For the other parameters the differences lay
well within the error bounds and the H0 hypothesis of
equality of the means cannot be rejected for any other
combinations region-parameter.

We can note anyway that the decay (parameter p)
is slower than average for Friuli, and Calabria-Sicily
and faster for Irpinia, Northern Apennines and Val
Comino as well as the productivity (parameter a) is
higher than average for Val Comino and Marche and
lower for Friuli, Irpinia and Northern Apennines while
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Table 6. Average values of model parameters (p, Log(c), b, a) and corresponding s.d. (std
p, std Log(c), std b, std a) for different Italian areas

Whole set (30 sequences)

p std p Log c std c b std b a std a

Weighted average 0.94 0.23 –1.46 0.52 0.97 0.16 –1.71 0.65

Median 0.92 0.16 –1.05 0.52 0.98 0.11 –1.84 0.32

Friuli (6 sequences)

p std p Log c std c b std b a std a

Weighted average 0.92 0.10 –1.74 0.38 0.98 0.15 –1.98 0.29

Median 0.88 0.10 –1.55 0.45 1.01 0.14 –2.03 0.18

Northern Apennines (3 sequences)

p std p Log c std c b std b a std a

Weighted average 0.94 0.02 –1.54 0.44 1.11 0.15 –2.53 0.61

Median 0.95 0.02 –1.16 0.06 1.26 0.05 –2.88 0.55

Marche (6 sequences)

p std p Log c std c b std b a std a

Weighted average 0.95 0.29 –1.35 0.71 1.00 0.24 –1.63 0.90

Median 0.93 0.28 –0.84 0.50 0.94 0.12 –1.48 0.68

Val Comino (3 sequences)

p std p Log c std c b std b a std a

Weighted average 1.09 0.20 –1.61 0.64 0.91 0.16 –1.15 0.28

Median 0.88 0.02 –0.58 1.20 0.84 0.05 –1.23 0.29

Irpinia (3 sequences)

p std p Log c std c b std b a std a

Weighted average 1.03 0.17 –0.01 0.34 0.96 0.03 –1.85 0.40

Median 1.06 0.14 –0.01 0.34 0.97 0.03 –1.91 0.24

Calabria and Sicily (7 sequences)

p std p Log c std c b std b a std a

Weighted average 0.82 0.28 –0.80 0.56 0.99 0.10 –1.74 0.48

Median 0.78 0.14 –1.00 0.16 0.97 0.08 –1.96 0.22

the c parameter is higher for Irpinia and Calabria-
Sicily. Hence for future seismic sequences occurring
in the vicinity of these areas the corresponding average
parameters values can be tentatively used, in place of
whole Italy averages, to better constrain the aftershock
predictions in the first days after the main shock.

Aftershock probabilities in Italy

As noted above the number of expected aftershocks
and the probabilities of aftershocks in given time in-
tervals can be estimated from the above-determined
parameters integrating the rate function and under
the hypothesis of non-stationary Poisson distribution
of shocks. In Fig 7a and 7b we reported the nom-
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Figure 7. Nomograms for expeditious prediction of aftershock oc-
currence in Italy. In panel a) probability of strong aftershocks (with
M≥Mm–1) as a function of time after the main shock for different
interval of time following the present time. In panel b) the same
probability curves but for a larger main shock (M≥Mm). In c) num-
ber of aftershocks in the following day as a function of time after
the main shock, for different magnitude thresholds.

Figure 8. Probabilities of strong aftershocks (a) and number of af-
tershocks with magnitude M≥Mm–2 (b) for the whole Italy and for
different seismic areas.

ograms to expeditiously estimate the probabilities of
strong aftershocks (with magnitude larger than the
main shock magnitude minus one) and of larger main
shocks respectively in Italy. The different curves give
the probability to observe at least one strong after-
shock or one larger main shock in the day, in the week,
in the month etc. following the present time, as a func-
tion of the time elapsed after the main shock. From
Figure 7c instead the expected numbers of aftershocks
occurring in the following day with magnitude greater
than the main shock magnitude minus one, two, three
or four can be expeditiously inferred.

The regional variations of strong aftershock
weakly probabilities and of daily numbers of after-
shocks with magnitude larger than the main shock
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magnitude minus two are depicted in figures 8a and
8b respectively. In both diagrams the Val Comino area
stays well above of the Italian average and of the
other regions with a probability of strong aftershocks
about twice than average. We must note however that
all of the three sequences of this area occurred very
close in time and thus probably reflects the peculiar
characteristics of a unique complex sequence. On the
other hand the Italian average is mostly determined by
the sequences included in the most numerous gathers
(Marche and Calabria-Sicily) that show average values
very similar indeed to the whole Italy ones. The Irpinia
and Northern Apennines are positioned instead at the
lowest end with probabilities of about one third of the
average.

Conclusions

The calibration of the Reasenberg and Jones (1989,
1994) model of aftershock occurrence to the Italian
instrumental seismic catalog from 1960 to 1996 gives
results comparable to the other regions (California and
New Zealand) where this method was already applied
and used for aftershock probability forecast. In general
the method works better on the most recent part of
the catalog (since 1984) where the data are more com-
plete. As the calibration of magnitude is more reliable
after 1981 (Gasperini, 2001), the suggested average
values of model parameters with the corresponding
s.d. for a priori predictions of aftershock occurrence
are those determined for the subset of sequences from
1981 to 1996:

p = 0.93±0.21
Log10(c) = –1.53±0.54
b = 0.96±0.18
a = –1.66±0.72

These values are quite stable even partitioning the
whole set into subset on the basis of main shock
magnitude and time as well as varying the clustering
algorithm, while larger variations are found subdivid-
ing the 30 modeled sequences in spatial gathers. These
variations and the general reduction of the standard
deviations for these gathers suggests that such regional
estimates might better predict the behavior of future
sequences located close to the corresponding area than
whole Italy ones.

These a priori parameter values can be improved
using the ‘Reasenberg and Jones’ rule by merging
them with the a posteriori estimates made in near real-

time on the impending sequence. To this purpose the
s.d. of parameters distribution (shown above) have to
be used rather than the s.d. of the parameter means
as the former better represent the true variability of
parameters.

This analysis suggested us several improvements
and additions, some of which are currently in course
of preparations. The first one is the improvement of
the magnitude determination for the catalog from 1960
to 1980. As a matter of fact the empirical correction
made in this work, although adequate for the present
study, is not completely satisfying. It would be desir-
able in the near future to deepen the analysis of the
magnitude bias by a back search in the original bullet-
ins and in case by a reanalysis of the seismograms if
still available.

Another question that will be tackled in the near
future is the evaluation of the modeling uncertainties
and the testing of the efficiency of the predictions.
This will be done analyzing the Italian data from 1997
to present time, as soon as they will become avail-
able after the reorganization currently in course. This
would be a favorable occasion to validate the predict-
ive ability of the method on a completely independent
data set.

Some further questions regard the aftershock oc-
currence model itself: we have noted above that the
background seismicity may play a role in modeling
weak sequences as it reduces the estimated value of p.
Moreover the not-triggered background together with
the bad calibration of magnitude may also contaminate
the sequence productivity a which is the most crit-
ical parameter in determining the probability of future
shocks. The inclusion in the Reasenberg-Jones’s for-
mula of a term accounting for background seismicity
might improve the reliability of predictions. As well
the direct MLE of parameter a and the explicit inclu-
sion in the Reasenberg-Jones’s model of the integral
of the denominator of the Omoris’s formula, actually
included in parameter a, might improve the reliability
of the estimation of the parameters itself and of the
corresponding errors.

Finally a further possible improvement is the in-
clusion in the prediction model of multiple Omori’s
processes. In this work we successfully analyzed
the sequences with multiple main shocks subdividing
them into separate sequences. We had already noted
that the use of epidemic models for prediction is pre-
vented by the difficulty to locate in real time of all
the shocks with significant magnitude. It is reasonably
possible however to fit and use for predictions a com-
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plex model consisting of the superposition of a small
number of Omori’s processes originated by the strong
(M>Mm–1) aftershocks which are usually located and
sized very rapidly by the observatories.
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