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Abstract

A key element of quantifying both the hazard and risk due to induced
earthquakes is a suite of appropriate ground-motion prediction equations (GMPEs) that
encompass the possible shaking levels due to such events. Induced earthquakes are
likely to be of smaller magnitude and shallower focal depth than the tectonic earthquakes for which most GMPEs are derived. Furthermore, whereas GMPEs for
moderate-to-large magnitude earthquakes are usually derived to be transportable to
different locations and applications, taking advantage of the limited regional dependence observed for such events, the characteristics of induced earthquakes warrant the
development of application-specific models. A preliminary ground-motion model for
induced seismicity in the Groningen gas field in The Netherlands is presented as an
illustration of a possible approach to the development of these equations. The GMPE is
calibrated to local recordings of small-magnitude events and captures the epistemic
uncertainty in the extrapolation to larger magnitude considered in the assessment of
the resulting hazard and risk.

Introduction
production is causing earthquake activity that has prompted
the need for quantification—and mitigation—of the consequent risk to the affected population. The equations represent
the current status in an ongoing scope of development for
these models, but we believe the experience and insights obtained, as well as some of the innovations implemented, may
be useful to others faced with the need to construct groundmotion models as part of the quantification due to induced
earthquakes elsewhere. The article begins with a brief overview of some of the issues associated with deriving GMPEs
for induced earthquakes and discusses some of the models
that have been proposed to date. The remainder of this article
then explains the derivation of the models for the median
predictions of spectral acceleration (SA) and the associated
aleatory variability for the specific case of induced seismicity
in Groningen. We conclude with a brief discussion of the
ongoing work to further refine the Groningen GMPEs and
offer some conclusions regarding the experience obtained
in deriving the equations presented herein.

Induced and triggered seismicity resulting from
anthropogenic activities are currently receiving heightened
attention due to the increased incidence of such earthquakes,
which are accompanied by greater public concern and regulatory scrutiny. This places an onus on the operators of the
inducing activities to quantify and limit the potential impact
of earthquakes, either through the use of “traffic light” systems that aim to control the resulting hazard (Bommer et al.,
2006; Häring et al., 2008; Bachmann et al., 2011; Majer
et al., 2012; Zoback, 2012; Mena et al., 2013; Douglas
and Aochi, 2014; Mignan et al., 2015) or through a more
holistic risk mitigation strategy (Bommer et al., 2015). In
either case, the essential elements in quantifying the potential
impact of such earthquakes on exposed population and building stock are ground-motion prediction equations (GMPEs)
or ground-motion models. Because induced earthquakes
are generally of smaller magnitude and shallower focal
depth than the ranges typically covered by GMPEs derived
for tectonic seismicity, the resulting ground motions are
more likely to exhibit differences from one location or region to another than may be the case for natural earthquakes
by virtue of sensitivity to the heterogeneous nature of the
upper crust. On the basis of this premise, we believe it
is desirable to develop application-specific GMPEs rather
than generic equations for ground motions due to induced
earthquakes.
In this article, we present preliminary GMPEs for the
Groningen gas field in The Netherlands, where hydrocarbon

GMPEs for Induced Earthquakes
Before presenting the derivation of new GMPEs for the
Groningen field, we briefly discuss some of the challenges
associated with developing equations for estimating ground
motions from induced earthquakes, and we consider different
options for addressing these challenges.
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Challenges and Opportunities
Historically, the main impetus for the development of
GMPEs has been the need to estimate earthquake ground motions for consideration in seismically resistant design; this
has resulted in a focus on larger earthquakes (moment magnitude, M > ∼5). Modeling the hazard and risk due to induced earthquakes requires a focus on lower-magnitude
ranges, and this represents the first and most immediate challenge, not least because it has been well established that empirical GMPEs generally do not extrapolate reliably to
smaller magnitudes (Bommer et al., 2007; Atkinson and
Morrison, 2009). The second challenge is directly associated
with the first, namely that regional differences in groundmotion characteristics become more apparent at smaller
magnitudes (e.g., Chiou et al., 2010). The third challenge
is the issue of focal depth, because induced earthquakes tend
to be associated with hypocenters in the upper 5 km of the
crust, whereas tectonic earthquakes tend to be distributed
over greater depth ranges. The shallow foci of induced earthquakes also results in the wave propagation paths being more
strongly influenced by the heterogeneous properties of the
uppermost portion of the crust, which can be expected to further accentuate regional differences. This is particularly the
case for the Groningen gas field given the presence of a highvelocity salt layer above the reservoir, as discussed later. At
the same time, there is another factor that may often facilitate
the option of developing application-specific ground-motion
models: given the nature of the projects causing induced seismicity, it is not uncommon to have a relatively detailed level
of understanding of this upper-crustal structure.
Although the challenges are formidable, it is also worth
noting that there may be some other features of induced
seismicity that offer opportunities that are not so easily
accessible when deriving GMPEs for natural (tectonic) earthquakes. The most important of these is that the equations, if
derived for a specific application, will tend to focus on an
area in close proximity to the activity causing the earthquakes. Consequently, there will be many cases in which
the earthquakes are effectively occurring within a single seismic source and propagating along a narrow range of travel
paths, allowing nonergodic standard deviations (sigma) to be
used (e.g., Atkinson, 2006; Lin et al., 2011; RodriguezMarek et al., 2013).
Another interesting opportunity arises with induced
seismicity due to the much higher frequency of occurrence
of induced events with respect to natural seismicity. Provided
the area of the project is adequately instrumented, there can
therefore be an opportunity to frequently update and improve
GMPEs—and reduce associated epistemic uncertainties—for
the specific application.
Existing GMPEs for Induced Seismicity
To date, relatively few GMPEs have been proposed for
induced seismicity, although it is reasonable to expect more
models to be put forward as focus on this topic continues to
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increase. Dost et al. (2004) published GMPEs for peak
ground acceleration (PGA) and peak ground velocity
(PGV) derived from recordings of shallow induced earthquakes in The Netherlands. This would therefore seem to
be a very logical choice for application to the Groningen
gas field, but residual analyses showed that this equation
is a very poor predictor of the Groningen ground motions
(Bourne et al., 2015). This anomalous behavior has been interpreted as the result of the thick, high-velocity Zechstein
salt layer that overlies the Groningen gas reservoir but which
is located below the reservoir in the Roswinkel gas field,
from which the majority of recordings used by Dost et al.
(2004) were obtained. This fact gives further weight to
our argument that application-specific GMPEs must be developed for induced seismicity.
Sharma et al. (2013), following earlier work by Convertito et al. (2012) for PGA, recognized the need for application-specific GMPEs and derived predictive equations for
PGA, PGV, and SA for induced earthquakes in The Geysers
geothermal field in California. The equation is a function of
magnitude and hypocentral distance (Rhyp ), with a stationspecific correction for site response. The data used to derive
the equation are from earthquakes with magnitudes in the
M 1.3–3.3 range, and there is no indication that the equation
could be applied to larger events. This is an important
issue—and potentially another challenge in addition to those
addressed in the previous section—because hazard and risk
assessments will almost inevitably require extrapolation to
magnitudes larger than those that have been observed. This
challenge is addressed in the study by Douglas et al. (2013),
which uses a large database of recordings mostly, but not
exclusively, from recordings of induced earthquakes to derive empirical and stochastic equations. The latter are used
to extrapolate the predictions to larger magnitudes, subsequently fitted to functional forms for convenience, whereas
the empirical models inform the sigma values. The stochastic
simulation-based models cover many combinations of values
of the Brune (1970, 1971) stress parameter, Q, and kappa
(Anderson and Hough, 1984), in order to provide a framework for capturing epistemic uncertainty. However, in
common with the Convertito et al. (2012) model, they obtain
rather large standard deviations (σlnPGA  1:30), possibly as a result of limited site classification information.
As explained later, the approach we adopted for the Groningen field has many similarities with that used by Douglas
et al. (2013) but uses only application-specific data.
The recent study by Atkinson (2015) addresses the magnitude extrapolation in another way by directly performing
regressions on recordings from tectonic, rather than induced,
earthquakes in the M 3–6 range, obtained at hypocentral distances of less than 40 km. In common with the other studies
discussed above, the sigma values were once again found to
be rather large (σlnPGA  0:85). The applicability of the
equations to any specific case of induced earthquakes would
clearly need to be determined using local data; however, in
instances where no such data existed, these equations (like
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Figure 2. Magnitude–distance distribution of the Groningen
database used in this study.
GMPE was assumed to apply across the full magnitude range,

Figure 1. Locations of Royal Netherlands Meteorological Institute (KNMI) accelerograph stations (red triangles) and epicenters
(blue stars) of the earthquakes in the database; coordinates (in meters) are defined by the Dutch Rijks-Driehoek (RD) system. Thin
line shows the boundary of the Groningen gas field; for location, see
Bourne et al. (2015).

those from Douglas et al., 2013) could be included to capture
epistemic uncertainty.
GMPEs for the Groningen Field
GMPEs are generally derived so that they can be applied
in broad regions or even globally for earthquakes in a particular type of tectonic environment. For induced seismicity,
however, we believe that the magnitude range of interest and
the sensitivity to the structure of the upper few kilometers of
the crust, combined with the lower stress drops expected for
shallow earthquakes, obliges the development of applicationspecific GMPEs. The fact that Dutch GMPEs derived from
recordings of induced earthquakes in another gas field were
found to be unable to predict the motion recorded in the Groningen field, despite the common magnitude range, provides
clear support for this position.
For the preliminary probabilistic seismic-hazard analysis (PSHA) conducted in support of the 2013 Winningsplan
(gas production license application for the Groningen field),
a single predictive equation was developed for PGA and PGV.
The approach taken to develop these equations, which were
necessarily conservative because there was no scope for a
logic-tree formulation in that initial study, was to adopt a
GMPE derived from tectonic earthquakes, and make adjustments to the coefficients when applied below a certain magnitude threshold such that the extrapolations to smaller
events matched the recorded motions from the field (Bourne
et al., 2015). The sigma value from the original tectonic

which extends from M 2.5 to 6.5, the lower value being the
smallest events found to contribute to the hazard estimates
and the larger value the upper limit considered in the risk
integrations. This rather crude initial model has now been
replaced with a model that is better calibrated to local conditions and also captures the epistemic uncertainty in the
predictions, as explained in the following sections.

Model for Median Ground-Motion Predictions
Whereas the initial GMPEs for PGA and PGV for Groningen were obtained by extrapolating an existing GMPE
to match the local recordings in the small-magnitude range,
the new equations are developed directly from the field
data and extended to larger magnitudes using stochastic
simulations.
Ground-Motion Database
The database used to derive the equations is composed
of 85 accelerograms recorded by the Royal Netherlands
Meteorological Institute (KNMI) strong-motion network,
which consists of 18 instruments located at surface stations
within the Groningen field (Fig. 1). The accelerograms were
obtained from 12 earthquakes with magnitudes ranging from
M 2.6 to 3.6 at epicentral distances of up to 20 km (Fig. 2).
The magnitudes are assigned based on the assumption
that the local magnitudes (M L ) assigned by KNMI are equivalent to M in this range. We justify this assumption based on
the fact that the magnitudes used in this study are greater than
the magnitude where the expected 1:1 scaling (Deichmann,
2006) between local and moment magnitudes breaks down
due to the effects of attenuation (Grünthal et al., 2009;
Goertz-Allmann et al., 2011). The validity of this assumption
is a subject of ongoing research, but it is not necessarily a
critical issue given that the hazard and risk calculations
are based on a seismological model invoking the same
assumption (Bourne et al., 2014). All stations are located
on soft soil deposits with V S30 (time-averaged shear-wave
velocity in the top 30 m) values estimated to be about
180–210 m=s. Only the horizontal components of motion
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were considered in this study, using the geometric mean of
the two components.
The preliminary risk calculations to be undertaken by
Nederlandse Aardolie Maatschappij B.V. (NAM), for which
these equations were generated, only required SAs at periods
of 0.01 s (assumed equivalent to PGA) and 0.2, 0.5, 1, and
2 s, because the current fragility functions were developed in
terms of these five ground-motion parameters only.
Explanatory Variables and Functional Form
The initial phase of the GMPE development was to fit a
simple functional form to the data using random effects
maximum-likelihood regressions (Pinheiro and Bates,
2004). The only explanatory variables included in the model
are magnitude and epicentral distance Repi , which was
adopted in place of Rhyp because the earthquakes are all assumed to occur within the gas reservoir (of thickness on the
order of 150–300 m), located at a depth of 3 km. Because the
earlier equation (Bourne et al., 2015) was adapted from a
GMPE derived for tectonic earthquakes, the use of Rhyp
was essential because the focal depth distribution of those
events did not match the shallow foci of the Groningen earthquakes, but there is no need to explicitly model the constant
focal depth for the new equations derived directly from local
data. Moreover, the use of Repi greatly simplifies the sigma
correction for the use of a point-source approximation at
larger magnitudes, as described later. Earthquakes in the
Groningen field are the result of either normal or strike-slip
faulting; however, in the absence of reliable fault-plane solutions for the 12 earthquakes in the database, it was not possible to model the influence of the style of faulting. No
explicit term for site response was included because the work
to determine the dynamic characteristics of the near-surface
deposits in the field is not yet sufficiently advanced; see the
Discussion and Conclusions section. The entire area of interest for the hazard and risk study is overlain by soft soils with
V S30 values in a relatively narrow range; indications are that
locations in the north of the field, where most of the accelerographs are located, are softer than those in the south, making
the use of network-averaged site amplification function
conservative when linear site response is being considered.
The GMPE’s functional form was chosen as follows, including a magnitude-dependent near-source distance saturation term (e.g., Yenier and Atkinson, 2014) that also serves to
capture the magnitude dependence of geometric spreading
(e.g., Cotton et al., 2008):

EQ-TARGET;temp:intralink-;df1;55;175

lnY  c1  c2 M  c4 ln

q
R2epi  expc5 M  c6 2 ;

1
in which Y is the geometric mean SA at 5% of critical damping. The coefficient c3 was reserved for nonlinear magnitude
scaling to be added later; the purpose of this simple empirical
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model was geared toward exploration of the functional form
and constraint of the variability components. Because the
data cover a rather limited distance range, no attempt was
made to also include a term to explicitly represent the effects
of anelastic attenuation. Performing the regressions for the
five coefficients at each period individually led to unphysical
combinations of c5 and c6 at longer periods. In order to resolve this problem, a more complex regression was performed across the five periods simultaneously with the
constraint of common values for these two coefficients,
which were obtained as 0.4233 and −0:6083, respectively.
In passing, we note that these coefficients yield a nearsource saturation distance term that is almost identical to
an alternative value to the Yenier and Atkinson (2014)
considered by Atkinson (2015). Period-dependent estimates of the other coefficients and variance components
were also obtained in this first stage. However, for the final
model, the other three coefficients (c1 , c2 , and c4 ) were subsequently obtained from period-by-period regressions with
these two values held constant. The standard deviations were
found to be between 0.51 and 0.58 in natural logarithmic units.
Although equation (1) was found to provide a good fit to
the data, it is clear from the functional form that the model
would not extrapolate reliably to larger magnitudes because
the scaling is purely linear: at the upper limit of magnitudes
considered for the Groningen seismic hazard and risk assessments, the linear magnitude scaling yields unfeasibly high
accelerations. In order to be able to extend the predictions
up to M 6.5, it was decided to make use of stochastic simulations (Hanks and McGuire, 1981; Boore, 1983, 2003). To
this end, it was first necessary to obtain estimates of source,
path, and site parameters from inversion of the Fourier amplitude spectra of the recordings.
Source, Path, and Site Parameters from Inversions
The procedure of Edwards et al. (2008) was applied to
the Fourier amplitude spectra of the 85 recordings of Groningen ground motions to estimate the parameters of the
theoretical point-source spectrum required for the stochastic
simulations. In view of the relatively small database and the
strong trade-offs that can exist between these parameters, as
many of these as possible were constrained independently of
the inversions. Kappa values were estimated using the highfrequency fitting approach of Anderson and Hough (1984),
applied to the interval from 10 Hz to the highest frequency at
which the signal-to-noise ratio was above 4, which led to a
network average estimate of 0.05 s, consistent with the average value of 0.06 s from the broadband spectral fit. A network average site amplification function was obtained as part
of the broadband spectral inversions, which is consistent with
the decision not to include site-specific amplification in the
current GMPEs. Geometric spreading was assumed to be
1=Rhyp , based on the fact that the value of coefficient c4
in equation (1) was very close to 1 at longer periods (where
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the effect of Q would not be expected to be strong). The inversions yielded average estimates of 260 and 150 for Q (frequency independent with reference velocity 3:5 km=s) from
broadband and high-frequency fitting, respectively. Estimates of the event-specific stress parameter ranged from
0.1 to 50 bars, with an event average of 7 bars (and record
average of 9 bars).
From these initial findings, 36 different simulation
models were proposed based on combinations of geometrical
1:1
spreading (1=R1:0
hyp or 1=Rhyp ), Q at reference velocity
3:5 km=s (150 and 250), site kappa (κ 0 ) (0.05, 0.06, and
0.07 s), and stress parameter (10, 30, or 90 bars; with
2:6 km=s being the shear-wave velocity within the reservoir)
along with the network-average site amplification function.
Simulations were performed, using the program SMSIM
(Boore, 2005), with duration based on the source (reciprocal
of the corner frequency) and path (0:05 Rhyp ; Herrmann,
1985) contributions. The simulated response spectral ordinates were compared with the recorded motions and the misfit and variance were averaged across the five oscillator
periods to yield a single measure of bias and spread for each
combination of simulation parameters. The best fitting model
of the 36 was found to have geometric spreading of 1=Rhyp ,
Q  150, κ 0  0:06 s, and a stress parameter of 30 bars.
Simulations with these parameters yielded predicted SAs
in good agreement with the median values obtained from
the empirical GMPE equation (1) (Fig. 3).
A point worthy of discussion here is why the best estimate of the stress parameter for the central model is 30 bars,
whereas the average value obtained from the inversions was
just 7 bars. Partly, as explained above, this arises from the
fact that in the simulations, a search is conducted for combination of parameters providing the best fit to the data rather
than considering each parameter in isolation. However, we
believe that the main reason for this apparent discrepancy is
that the inversions are performed in terms of hypocentral distance, whereas in the simulations the empirical magnitudedependent near-source distance saturation term is imposed.
This leads to reduction of the predicted motions at short distances, which requires an increase in the stress parameter to
match the recorded amplitudes.
Stochastic Simulations for Larger Magnitudes and
Epistemic Uncertainty
Using these source, path, and site parameters, simulations could easily be run to obtain estimates of the response
spectral ordinates over the entire magnitude range of interest
up to M 6.5. However, it must be recognized that the farther
the models are pushed from the magnitude range covered by
the data (M 2.6–3.6), the greater the epistemic uncertainty.
Therefore, instead of a single suite of simulations, we opted
for three separate sets in order to better capture the epistemic
uncertainty associated with the predictions at larger magnitudes. The stress parameter is varied in these simulations,
adopting two alternative values in addition to the central es-

timate of 30 bars. The lower model was assigned a stress
parameter of 10 bars; and, for the upper model, the stress
parameter increased from 30 bars to a constant value of
100 bars for M 4.5 and greater. The latter model is chosen
to be consistent with ground motions from tectonic earthquakes; similar magnitude-dependent stress parameter models have been used by others (e.g., Rietbrock et al., 2013).
The relationship between the estimated stress parameter
values and these three models is illustrated in Figure 4.
Examples of the resulting predictions are shown in
Figure 5, from which it can be appreciated that the formulation results in a very modest spread at lower magnitudes
(reflecting the fact that although the model is reasonably
well constrained for M 2.6–3.6, the fit currently relies on
a relatively small database) that increases with magnitude
to reflect the inevitable epistemic uncertainty that results
from the absence of local data. The three models are assigned
to logic-tree branches, with the largest weight assigned to the
central model based on a stress parameter of 30 bars.
Some discussion is warranted for the justification of this
rather low central value. From analysis of intensity data obtained for tectonic and induced earthquakes in the central
and eastern United States, Hough (2014) inferred that stress
drops from the latter are systematically lower. Hough (2014)
attributed this observation to the shallower depths of induced
events, with the consequence that in the epicentral region the
reduction of motions due to lower stress drop may be balanced out by the shorter travel paths. The concept of lower
stress drops for shallower crustal earthquakes has also been
proposed for tectonic earthquakes: for example, Allen et al.
(2006) found very low stress drops for very shallow earthquakes in western Australia, and the shallow-focus 2012
M 5.4 surface-rupturing earthquake in Ernabella, South Australia (Clark et al., 2014) indicated a very low stress drop
(T. I. Allen, personal comm., 2015). Consequently, in developing new GMPEs for a region of Australia, Allen (2012)
produced separate equations for shallow and deeper crustal
earthquakes, the former yielding lower accelerations at all
distances. The issue of stress drop and focal depth recently
received considerable attention at the 2015 Seismological
Society of America Annual Meeting. For example, Viegas
et al. (2015) concluded that “on average, the reservoir events
have low static and dynamic stress drops” (pp. 689) and
Neighbors et al. (2015) report remarkably low stress drop
(∼3 bars) for induced earthquakes in Oklahoma, alluding
to focal depth as a potential explanation. Boyd et al.
(2015) also concluded “that stress drops are considerably
lower for potentially induced earthquakes, possibly due to
their relatively shallow focal depth” (pp. 690). Cramer
(2015) concludes the primary reason for the low stress drops
observed for induced earthquakes is focal depth and that for
similar focal depths, induced and tectonic events may not be
distinct. Wong et al. (2015) extend these arguments and note
that “the shallow nature of induced earthquakes in a low-Q
environment and the resulting potentially lower stress drops
have also been recently suggested as a cause for lower
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Figure 3. Comparison of simulated motions obtained with best-fit source, path, and site parameters with median predictions from
empirical model of equation (1) as a function of magnitude, for an epicentral distance of 0 km.

ground motions as compared to tectonic earthquakes.” Darragh et al. (2015) also find relatively low stress parameters
for induced earthquakes in central and eastern North
America. On the basis of such studies, the central model
based on a stress parameter of 30 bars was judged to be a
suitable best-estimate model and consequently assigned the
highest weight (0.5, with 0.2 and 0.3 on the lower and upper
models, respectively) in the logic-tree formulation.
Regressions for Parametric Equations
The final stage of the GMPE derivation for median
predictions was to fit a functional form to the simulations.
The functional form was chosen to be the same as equation (1) but with the addition of a nonlinear magnitude-scaling

Figure 4. Individual stress parameter estimates, with vertical
bars indicating confidence intervals using the procedure of Viegas
et al. (2010), compared with the three stress parameter models defined for ground-motion simulations.

term that could take different values at small and large
magnitudes:
EQ-TARGET;temp:intralink-;df2a;313;455

lnY  c1  c2 M  c3 M − M2
q
 c4 ln R2epi  expc5 M  c6 2 ;

M ≤ M;

2a
EQ-TARGET;temp:intralink-;df2b;313;361

lnY  c1  c2 M  c3a M − M2
q
 c4 ln R2epi  expc5 M  c6 2 ;

M > M:

2b

Figure 5. Predicted values of spectral acceleration (SA) at a response period of 0.5 s as a function of magnitude obtained with
simulations using three different stress parameter models at epicentral distances of 0 and 30 km.
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Table 1

Table 3

Coefficients of Equation (2) for the Central (Δσ  30 bars)
Model

Coefficients of Equation (2) for the Higher
(Δσ  100 bars) Model

c1
c2
c3
c3a
c4

SA(0.01 s)

SA(0.2 s)

SA(0.5 s)

SA(1.0 s)

SA(2.0 s)

1.1563
1.2732
−0.3394
−0.1342
−1.5048

2.4972
1.1216
−0.4314
−0.0747
−1.4806

−0.0684
1.5742
−0.5416
−0.2397
−1.2266

−4.3882
2.2288
−0.3549
−0.4202
−1.1640

−7.8093
2.6929
−0.1520
−0.4370
−1.1526

c1
c2
c3
c3a
c4

SA(0.01 s)

SA(0.2 s)

SA(0.5 s)

SA(1.0 s)

SA(2.0 s)

0.1638
1.6566
−0.3236
−0.2643
−1.5391

1.5092
1.4980
−0.4312
−0.2125
−1.4926

−1.7676
2.0695
−0.4308
−0.4043
−1.2282

−5.9331
2.6584
−0.2273
−0.5076
−1.1729

−8.5757
2.9277
−0.0983
−0.4068
−1.1680

SA, spectral acceleration.

Table 2
Coefficients of Equation (2) for the Lower (Δσ  10 bars)
Model
c1
c2
c3
c3a
c4

SA(0.01 s)

SA(0.2 s)

SA(0.5 s)

SA(1.0 s)

SA(2.0 s)

1.0490
1.1122
−0.3132
−0.0942
−1.4529

2.1812
1.0202
−0.3408
−0.0544
−1.4670

0.6494
1.2775
−0.5417
−0.1430
−1.2223

−3.2480
1.8682
−0.4377
−0.3306
−1.1500

−7.1140
2.4569
−0.2117
−0.4442
−1.1324

Simulations were performed for M 1.0–6.5 at 0.1
intervals and for 45 epicentral distances from 0 to 60 km
(the maximum distance considered in the hazard and risk calculations). However, the regressions were performed only using simulated motions from M 2.5 and greater for two reasons:
(1) smaller earthquakes do not make any significant contributions to the hazard or risk; and (2) the high kappa values associated with the soft-soil sites in the Groningen field lead to
additional nonlinearity in the magnitude scaling for small
earthquakes (e.g., Douglas and Jousset, 2011; Baltay and
Hanks, 2014), which would require an additional break in
the scaling or the inclusion of a cubic magnitude-scaling term.
In all cases, the coefficients c5 and c6 , controlling the
magnitude-dependent near-source distance saturation, were
constrained to the values obtained from the initial empirical
regressions (i.e., 0.4233 and −0:6083, respectively). Initially,
the value of M was included as one of the parameters to be
optimized in the fitting, but it was found that the value oscillated from period to period in a manner that could lead to
irregular spectral shapes. For example, for the central model
(Δσ  30 bars), the values obtained for SAs at 0.01, 0.2, 0.5,
1.0, and 2.0 s were 4.7, 4.1, 5.0, 3.4, and 4.6. Using instead a
fixed value of 4.5 at all periods—the same value used by
Rietbrock et al. (2013) for the United Kingdom and Edwards
and Fäh (2013) for Swiss simulations—results in only a very
slight increase in the standard deviations and hence this was
chosen as the constant value to be constrained in all the regressions. With the value of the hinge magnitude fixed at
M 4.5 for all cases, the regressions were performed on the
three sets of simulated ground motions corresponding to the
central model and lower and higher alternatives. The coefficients are presented in Tables 1–3. The median predictions

obtained from the regressions provide a very good approximation to the simulated values; Figure 6 shows the comparisons for the central model, but the results are very similar for
the two other models as well.

Model for Aleatory Variability
In the development of GMPEs, the model for medians is
only half the story. Equally important is the logarithmic standard deviation (sigma) of residuals that defines the probabilistic distribution of SAs that the equations predict. One of
the shortcomings of stochastic GMPEs, as used to develop
the median models for Groningen, is that, whereas sigma
can be estimated by sampling probability density functions
of the input source, path, and site parameters (e.g., Toro et al.,
1997), the results are difficult to defend due to the complex
covariance of the simulation parameters, even when explicitly included in the simulations (e.g., Rietbrock et al., 2013).
In addition, the distinction between aleatory and epistemic
components is often not clear using this approach. To overcome these limitations, stochastic models may be used to produce the median motions (relying on empirical data to define
the sigma) and its component parts (e.g., Edwards and Fäh,
2013). In this section, the derivation of a sigma model for
the Groningen GMPEs is described.
Residuals of Local Data
The first step is to examine the residuals of the local
ground-motion data with respect to the models. Figure 7
shows the between- and within-event residuals of PGA with
respect to the empirical model of equation (1) and also the
residuals obtained with the formula of Abrahamson and
Youngs (1992) for the same data with respect to the final
model in equation (2a), using the coefficients of the central
model (Table 1).
Although there are no discernible trends in the event
terms with respect to magnitude, there are patterns in the
within-event residuals with respect to distance; these are
most likely related to unusual velocity structure above the
gas reservoir (see the Discussion and Conclusions section).
As far as the distributions of residuals with respect to equation (2) are concerned, we acknowledge that the small number of earthquakes in the current database may be insufficient
to capture the full range of between-event variability τ.

Developing an Application-Specific Ground-Motion Model for Induced Seismicity
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Figure 6. Comparison of median predictions from the final central ground-motion prediction equation (GMPE) with the ground motions
obtained from the stochastic simulations at Repi  0 km as a function of magnitude.

Figure 7. Between-event (upper) and within-event (lower) residuals, in natural logarithms, of the Groningen database with respect to
(a) the empirical GMPE of equation (1) and (b) the final GMPE fit to the stochastic simulations using equation (2a). The dashed lines represent
the standard deviations.
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Figure 8.

(a) Simulations envisaged by Akkar et al. (2014a,b) to estimate the additional variability in GMPEs based on Repi . (b) Simplified
formulation used in this study for a site (red triangle) at the center of a circular area, considering multiple epicentral locations within the
circular source (black stars).

On the other hand, for a magnitude range of 1.1 units and
distance range of 20 km, 85 records is not a sparse data
sample, and the records also display a reasonably good distribution with respect to these two parameters (Fig. 2). In light
of this, we are inclined to accept the measured within-event
variability as a reliable estimate. However, because of the
extrapolation to larger magnitudes, it was also necessary to
consider whether adjustments need to be made. The first issue
we considered is that the use of a point-source distance metric
(Repi ), which was adopted as a tool of convenience in terms of
computational efficiency in the preliminary hazard and risk
models, will lead to underestimation of the variability for
larger earthquakes and at sites close enough to the source
to be influenced by the extent of the fault rupture. We therefore
adopt the measured values from the Groningen data as the
within-event variability for small magnitudes ϕSM , to which
a correction δϕ, is required for the effect of the source extensions. The final sigma value is thus given by

EQ-TARGET;temp:intralink-;df3;55;267

σ

q
τ2  ϕ2SM  δϕ2 :

3

In the next section, we describe the derivation of the adjustment δϕ, after which the final sigma model is presented.
Adjustments for Point-Source Approximation
Akkar et al. (2014a,b) derived GMPEs in terms of both
Repi and Joyner–Boore distance RJB and, surprisingly, found
the sigma values for the two models to be quite similar. This
was attributed to the sparseness of the database at short distances from larger earthquakes. Akkar et al. (2014a,b) proposed a computational exercise to derive the true sigma for
the Repi model using estimated motions from the RJB -based
model over a dense grid of observation points and then re-

sampling these predictions in terms of Repi , an objective that
could also be met using the correlations between distance
metrics proposed by Scherbaum et al. (2004). The approach
adopted in this study is similar but computationally more
efficient. The essence of the method is to simulate a large
number of combinations of epicenter and receiver locations,
as well as sampling a wide range of fault rupture lengths and
orientations for earthquakes of different magnitudes. This is
achieved by considering a single observation point and simulating different possible epicentral locations within a circular source zone (Fig. 8). We assumed vertical strike-slip fault
rupture and the empirical relationship of Wells and Coppersmith (1994) to estimate the rupture length. We acknowledge
that this empirical relationship derived from tectonic earthquake data may not be applicable to induced earthquakes at
shallow depths (in part as a result of the lower effective
crustal rigidity changing the relationship between seismic
moment, rupture area, and fault displacement), but there
are currently no equivalent relationships available for such
events. The same procedure proposed here could equally
be applied with another empirical relationship between magnitude and rupture dimensions (e.g., Clark et al., 2014; Leonard, 2014; Stafford, 2014). To account for the variability in
that empirical relationship, we used an equivalent five-point
distribution based upon equating moments and using Gauss–
Hermite quadrature (Miller and Rice, 1983). Using symmetry, it was sufficient to vary the rupture orientations
through 90° in the simulations.
Figure 9 illustrates the calculation of the range of values
of RJB for a given Repi , as a function of the fault orientation ϑ,
rupture length L, and separation of the epicenter from the end
of the rupture αL. The GMPEs of Akkar et al. (2014a,b) are
then used to calculate the median values of SA for a single
Repi value and the range of corresponding RJB values, from
which the additional variance is then calculated. The
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The argument of this expression is given by

EQ-TARGET;temp:intralink-;df7;313;683

z

lnRepi  − μZ
;
σZ

7

and the parameters of this expression are given by
EQ-TARGET;temp:intralink-;df8;313;625

μZ  β3  β4 M − 6:75  β5 M − 6:752

8

σ Z  β6 :

9

and
EQ-TARGET;temp:intralink-;df9;313;578

The coefficients are presented in Table 4 for the five chosen
response periods.

Sigma Model

Figure 9. The geometry for calculating Repi and Joyner–Boore
distance (RJB ) for vertical strike-slip faults.
standard deviation required to adjust for the point-source
approximation was then calculated in this way for a wide
range of magnitudes and distances.
Figure 10 shows an example of the nature of the dependence on magnitude and distance, from which it can immediately be appreciated that as a function of the logarithm of
distance, the functional form is remarkably similar to a Gaussian distribution. Taking advantage of this observation, the
adjustment is modeled as follows:

φz
;
δϕ  SF
σZ


EQ-TARGET;temp:intralink-;df4a;55;254

EQ-TARGET;temp:intralink-;df4b;55;195

δϕ  0;

M ≥ 4 and

M < 4 or

Repi > 0

Repi  0;

4a

4b

in which SF is the magnitude-dependent scaling factor, expressed as
SF  β1 M − 4  β2 M − 42 ;

EQ-TARGET;temp:intralink-;df5;55;137

5

and φ  is the standard normal probability density function.
The latter is given by the expression

In order to capture the uncertainty in the sigma model,
we once again propose a logic-tree formulation with three
branches. Because the between-event component may be
underestimated by the current database, the calculated values
are taken as lower bounds. For the upper bound, we take the
event terms from Akkar et al. (2014a,b), which was the basis
for the preliminary GMPE developed for the field—because it
is very unlikely that the earthquake-to-earthquake variability
in the field could ever exceed that obtained from a study
combining earthquakes from across Europe and the Middle
East. The central values were simply assumed to lie midway
between these two limits.
The sigma values are then calculated using equation (3),
with the same within-event variability on all three branches.
The values of τ and ϕSM are listed in Table 4, together with
these coefficients. In closing, we note that several modern
GMPEs invoke heteroskedastic models for sigma, in which
the standard deviation is smaller for large-magnitude earthquakes than for smaller earthquakes (e.g., Abrahamson et al.,
2008; Strasser et al., 2009). Confidence in our sigma model
for the small magnitude range covered by the Groningen data
could lead us to propose a decrease rather than an increase in
sigma for larger magnitudes by invoking the patterns seen in
such heteroskedastic sigma models or at least to offset the
increase being modeled as the within-event variability penalty for using a point-source distance metric. However, instead we choose not to make any such reduction of the
sigma explicitly, noting instead that the variability at larger
magnitudes may actually be slightly greater than implied by
our geometric penalty as a result of variability in the rupture
process along the fault. Any reduction of sigma at larger
magnitudes is therefore assumed to cancel out any excessive
simplification in our adjustment model.
Rather than populate the logic tree with three median
models and three sigma models, leading to nine possible com-
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Figure 10.

Calculated values of δϕ for SA(0.5 s) as a function of magnitude and distance.

binations, and to ensure computational efficiency and a wide
range of epistemic uncertainty, we proposed to join the high,
central, and low estimates of both medians and sigmas into
single branches (with the same weights indicated previously).
Figure 11 illustrates the behavior of the central model
over a wide range of magnitudes, with curves for both median
and 84th percentile values of SA at 0.2 s. The effect of the
adjustment to the sigma value for the use of a point-source
distance metric is seen to be modest for the largest magnitude
of relevance to the Groningen hazard and risk assessment.
The plot also shows the clear magnitude dependence of the
attenuation as a result of the near-source distance saturation term.

Discussion and Conclusions
We presented the current state of development of GMPEs
for application to the assessment of hazard and risk associated with induced seismicity in the Groningen gas field.

Comparisons of the ground-motion predictions obtained
from the models derived herein with those from other equations are almost de rigueur in papers presenting new GMPEs,
even if the value of such comparisons may be rather limited,
especially if multiple parameter adjustments are needed to
create a common basis. Notwithstanding these reservations,
we show some comparisons with the Rhyp -based model of
Akkar et al. (2014a,b; hereafter referred as ASB14) because
this GMPE, derived from tectonic earthquakes in Europe and
the Middle East, has been used as the basis for preliminary
seismic-hazard assessments in the Groningen field (e.g.,
Bourne et al., 2015). Figures 12 and 13 show comparisons
of median predictions from three equations derived in this
study with those from the European GMPE, adopting a constant focal depth of 3 km, a V S30 value of 200 m=s, and normal faulting for the latter. The comparisons are shown for
magnitudes that are relevant to the hazard and risk estimates
in the Groningen field, namely M 4 and 5.5. In both cases, at
shorter oscillator periods, ASB14 predicts motions that are

Table 4
Coefficients of Equations (3)–(9) for the Standard Deviations of the
Predictions
τlow
τcenter
τhigh
ϕSM
β1
β2
β3
β4
β5
β6

SA(0.01 s)

SA(0.2 s)

SA(0.5 s)

SA(1.0 s)

SA(2.0 s)

0.2039
0.2810
0.3581
0.4918
0.20380
0.073419
3.39511
0.70978
0.0900446
1.03275

0.2514
0.3337
0.416
0.4454
0.20284
0.080624
3.39511
0.70978
0.0900446
1.03275

0.2467
0.3216
0.3965
0.5146
0.20761
0.044808
3.39511
0.70978
0.0900446
1.03275

0.3612
0.3789
0.3965
0.4081
0.21116
0.018152
3.39511
0.70978
0.0900446
1.03275

0.3359
0.3547
0.3734
0.4133
0.21290
0.005130
3.39511
0.70978
0.0900446
1.03275
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Figure 11. Median and 84th percentile predictions of SA (0.2 s)
from the central model as a function of epicentral distance for three
magnitudes; for the largest magnitude, the black dashed line indicates the effect of not including the point-source adjustment to the
sigma value.
comparable with the upper model, which is consistent with
the rationale behind the selection of the higher stress parameter of 100 bar. This observation is noteworthy because it is
the case despite the large magnitude-dependent near-source
distance saturation term in ASB14 (7.5 km) and the fact that
ASB14 models nonlinear site response. The patterns seen at
longer periods, where the ASB14 predictions seem relatively
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less severe than the Groningen-specific model, may in part
reflect the influence of the deep soil deposits encountered in
the field. The larger standard deviations associated with the
ASB14 equations should also be taken into account in the
interpretation of these comparisons.
There are several aspects of the new model for Groningen currently undergoing improvement and further developments, which will be presented subsequently, the most
urgent of which is to incorporate site response effects into
the model. The models presented herein have two weaknesses in this regard. The first is that they represent a network-average site amplification function and assume that
this is a surrogate for the field-wide amplification function.
The second, and potentially more serious, shortcoming is
that this site amplification function is extrapolated linearly
to larger magnitudes, which is almost certainly leading to
conservative ground-motion estimates. NAM is leading a
major program of work that is currently underway to construct a detailed velocity model for the entire field to characterize the nonlinear response of near-surface layers with
respect to a reference horizon (likely to be the base of the
Upper North Sea formation, located at an average depth
of some 350 m) and to incorporate these into the predictive
model. This will likely to be done through a zonation of the
field into areas for which a representative site amplification
function can be defined. This reinforces the advantages of
developing models without any requirement for being

Figure 12. Comparison of median predictions of SAs at four response periods from the three Groningen-specific models and the ASB14
equation for European earthquakes, as a function of epicentral distance, for moment magnitude M 4.0. V S30 is set to 200 m=s in the ASB14
equation.
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Figure 13. Comparison of median predictions of SAs at four response periods from the three Groningen-specific models and the ASB14
equation for European earthquakes, as a function of epicentral distance, for moment magnitude M 5.5. V S30 is set to 200 m=s in the ASB14
equation.
transportable to different applications, which can obviate the
need to use simplified surrogate parameters such as V S30 .
Another important refinement relates to capturing the influence of the high-velocity Zechstein layer above the gas
reservoir, which exerts a profound influence on the propagation of seismic waves (Kraaijpoel and Dost, 2013). The refraction and reflection of wavepaths departing from the
seismic source with exit angles much different from zero
leads to rapid attenuation over relatively short distances.
The effect is seen in the relationship between amplitudes
and durations of the recorded motions in the field, whereby
those at short epicentral distances exhibit relatively high amplitudes associated with very short durations; in contrast, at
greater distances the motions are of very low amplitude but
the multiple ray paths lead to prolonged durations (Fig. 14).
Full waveform simulations using finite differences and a detailed velocity model of the field will be used to constrain
the geometric spreading model in the next refinement and
are expected to lead to improvement in the residual patterns
with epicentral distance seen with regard to the current
model (Fig. 7).
Notwithstanding the need for these improvements,
particularly the former, we believe that the approach used
to develop these models may be useful to those faced with
estimating ground motions from induced earthquakes in
other locations. The capture of epistemic uncertainty through
the use of simulations with distinct source parameters—as

also proposed by Douglas et al. (2013)—is more transparent
and tractable than populating a logic tree with multiple models, some of which may be of questionable applicability to
the project in question (Atkinson et al., 2014). However, the
work presented herein also demonstrates the enormous value
of local monitoring networks for induced seismicity, without
which very large ranges of epistemic uncertainty need to be
accommodated in the model.

Figure 14. Peak ground acceleration (PGA) and significant durations of individual horizontal components of the Groningen
ground motions, grouped in ranges of epicentral distances.

Developing an Application-Specific Ground-Motion Model for Induced Seismicity
Finally, in the GMPEs presented herein, a distance metric
has been used that is measured relative to a point-source representation of the earthquake source. Such an approach may
often be used for induced-seismicity applications, because it
is computationally efficient and may be considered acceptable in view of the relatively small magnitudes of the earthquakes considered. However, PSHAs and risk analyses are
likely to also include integrations up to much larger magnitudes, given the difficulty in constraining the maximum possible earthquake that may be induced (which is compounded
by the possibility of triggered seismicity). The application of
GMPEs using distance metrics defined relative to extended
fault ruptures in combination with a seismicity model representing individual earthquakes as hypocenters will result in
systematic underestimation of hazard for larger magnitudes
(e.g., Monelli et al., 2014). Using GMPEs based on Repi or
Rhyp in association with such seismicity models is therefore
internally consistent (Bommer and Akkar, 2012); however, at
larger magnitudes the sigma values calculated from smallmagnitude data need to be adjusted for the point-source
approximation. In this article, we presented a formulation for
this adjustment, which is generic and could be applied to
other situations. For the case of Groningen, however, we are
also developing new GMPEs based on RJB , following the procedure suggested by Boore (2009), and will be conducting
sensitivity analyses using seismicity models simulating hypocenters and fault ruptures. Each of these will be applied with
the consistent GMPE to ascertain if the approximation of point
sources is leading to bias in the risk estimates.

Data and Resources
The recordings used in this study were obtained from the
Groningen accelerograph network operated by the Royal
Dutch Meteorological Institute (KNMI). An expanded database, including more recent events and reprocessed accelerograms, together with an updated database of metadata for the
recordings, will be made publicly available. Data from the
KNMI network are now available from http://rdsa.knmi.nl
(last accessed November 2015). The stochastic ground-motion simulations were performed using the software SMSIM
(Boore, 2005).
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