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Spatial correlation assessment
of multiple earthquake intensity
measures using physics-based
simulated ground motions

Mohammad R. Zolfaghari & Mahboubeh Forghani™*

Predictive models for spatial correlation play an effective role in the assessment of seismic risk
associated with distributed infrastructure and building portfolios. However, existing models often rely
on simplified approaches, assuming isotropy and stationarity. This paper verifies these assumptions
by presenting a comprehensive study using a database of 3D physics-based simulated broadband
ground motions for Istanbul, generated by the SPEED software. The results reveal significant
event-to-event variability and nonstationary and anisotropic characteristics of spatial correlation
influenced by source, path, and site effects. The development of nonstationary correlation models
requires exploring influential metrics beyond spatial proximity and gaining a deep understanding
of their impact, which is the focus of this study. Analysis of the spatial correlations of peak ground
displacement, peak ground velocity, peak ground acceleration, and response spectral accelerations
at different periods, employing both stationary and nonstationary correlation modelling methods
and considering the finite fault model, indicates that the slip distribution pattern, direction and
distance of station pairs relative to earthquake rupture, soil softness, and homogeneity of soil
properties significantly influence the spatial correlations of near-field earthquake ground motions.
Implementation of the introduced parameters in predictive spatial correlation models enhances the
precision of regional seismic hazard assessments.

Keywords Spatial correlation, 3D physics-based numerical simulation, Near-source ground motion,
Regional seismic hazard

Probabilistic seismic hazard analysis (PSHA) is the first important step towards any seismic risk assessment study
that provides a probabilistic estimate of ground motion intensity measures (IMs) for a specific site. In this regard,
many ground motion prediction equations (GMPE) have been developed to predict the mean and standard
deviation of IMs according to earthquake and site characteristics like magnitude, distance to rupture, soil type,
fault mechanism, etc. The differences between recorded IMs and estimated IMs using GMPES are referred to as
residuals and are traditionally considered spatially independent. However, previous studies have revealed that
the residuals are spatially correlated as a result of the similar source properties, wave propagation path, and site
effects, which have not been considered by GMPEs due to their simple functional forms or the insufficiency of
records of strong ground motion (SGM) data. The spatial correlation assessment of multiple earthquake intensity
measures is essential for accurately evaluating seismic risks, particularly for spatially distributed infrastructure
like bridges, lifelines, and building portfolios. When such structures are subjected to the same earthquake, it is
unrealistic to treat ground-motion intensity measures at different sites as independent, especially when these
sites are in close proximity. Ignoring this spatial correlation can result in inaccurate seismic risk assessments,
potentially underestimating or overestimating the actual risks'~”. This highlights the importance of considering
accurate spatial correlation in understanding the potential impacts of earthquakes on infrastructure.

Many studies have been conducted to develop spatial correlation models for a variety of IMs using ground
motion recordings of past earthquakes and geostatistical methods. Due to the shortage of recorded ground
motion data, such models mostly assume the stationary (i.e., the site-to-site distance is the only impressive fac-
tor in the correlation of the station pairs) and isotropy (i.e., the correlation is not related to the direction of the
station pairs) hypotheses® 4. These models have significant variability in parameters such as correlation range
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(the distance beyond which the spatial correlation is negligible). In recent years, a number of studies have been
carried out to evaluate the reasons behind the significant heterogeneity in spatial correlation models. Schiap-
papietra and Douglas'® provided a literature review of the major potential factors influencing spatial correlation,
such as estimation approach, fitting method, applied GMPE, magnitude (Mw), period, and geology. Baker and
Chen'S proposed a procedure to quantify estimation uncertainty and the true variability of spatial correlation.
Schiappapietra and Douglas'” presented some guidelines for considering the uncertainty of spatial correla-
tion in seismic hazard studies. Furthermore, Heresi and Miranda'! underlined the importance of taking into
account the notable earthquake-to-earthquake variability of spatial correlation model parameters. Also, some
studies have shown that stationarity and isotropy assumptions may need further reconsideration. For example,
Sokolov et al.'® showed the dependency of correlation on geology and propagation path using Taiwan strong
ground motion data. Du and Wang'? indicate the dependency of the correlation of IMs on the regional spatial
correlation of Vs30(30-m time-averaged shear wave velocity). Garakaninezhad and Bastami®® reported the ani-
sotropy of the PGA residual’s correlation in nine past earthquakes related to the focal mechanism, magnitude,
and anisotropy of Vs3. Abbasnejadfard et al.*! showed that the anisotropy direction of residuals of multiple
IMs and Vi3 is similar and Stafford et al.?* denoted that different rupture characteristics lead to variation in the
correlation range. Moreover, the recent progress on three-dimensional physics-based numerical simulations of
strong ground motions provides the possibility of exploring the dependency of spatial correlation on different
potential factors, taking advantage of the richness of simulated data and the exact knowledge of earthquake
rupture, path, and site characteristics. Using ground motion data simulated by CyberShake, Chen and Baker?
detected the nonstationary and anisotropic patterns of the spatial correlation related to the source effect, path
effect, and relative location to rupture. Likewise, Infantino et al.** verified the spatial correlation structure of the
simulated broadband ground motions generated by SPEED software in order to explore the variation of SGM
spatial correlation, taking into account period, magnitude, directivity effects, and fault normal or fault parallel
components. Schiappapietra and Smerzini® used scenario-based ground motion data simulated by the SPEED
code for Norcia (central Italy) to analyze the spatial correlation of ground-motion components (fault-normal,
fault-parallel, vertical) with emphasis on the source effect. Furthermore, Chen et al.? attempted to quantify the
non-stationarity of the spatial correlation effect by calculating the site-specific correlation deviation relative to
the global models utilizing recent densely recorded ground motions in New Zealand earthquakes. Also, Chen
and Baker” proposed a community detection method to find areas with spatial correlations higher than those
estimated by the global correlation models, which could be helpful to gain a much better understanding of
influencing parameters such as relative position to rupture and geological conditions.

As a summary, these studies criticize the assumptions of isotropy and stationarity in spatial correlation
models. These studies highlight the significant variability and influence of various factors on spatial correlation.
Limited recent studies have started to address this by developing nonstationary and anisotropic spatial correla-
tion models. For example, Bodenmann et al.?® have proposed a correlation model that incorporates path and site
effects using the NGA-West2 database. Similarly, Liu et al.? have modeled the spatial correlation structures of
systematic source, path, and site effects for the Ridgecrest area. However, more extensive studies utilizing diverse
and dense SGM databases are still needed to identify and quantify explanatory variables and their impacts. This
is a crucial step towards the development of more precise and sophisticated correlation models. This paper,
therefore, presents a comprehensive study on the spatial correlation properties of PGA (peak ground accelera-
tion), PGV (peak ground velocity), PGD (peak ground displacement), and SA (spectrum acceleration) for a
broadband range of periods in a more detailed and quantitative manner. The main objective of this research is to
survey the nonstationary and anisotropic patterns of spatial correlations to explore the most impressive factors
and their resultant variation in spatial correlation. The outcomes would be helpful in determining whether the
nonstationary and anisotropic modelling of spatial correlation is essential and, if so, how this could be imple-
mented in studies of seismic hazard and risk.

Simulated ground motions are widely used in seismic risk assessment***! and can be achieved through vari-
ous approaches. Empirical GMPEs are computationally efficient but have limitations in capturing correlation
structures, site-specific effects, and near-fault ground motion characteristics. Stochastic methods offer greater
flexibility but rely on assumptions about source, path, and site parameters. Physics-based simulations deliver
the highest level of detail but are computationally intensive. Hybrid approaches aim to balance accuracy and
efficiency by integrating elements of both empirical and physics-based methods. Physics-based simulations
(PBS) are particularly powerful for assessing spatial correlations, as they provide detailed insights into how seis-
mic source characteristics, wave propagation paths, and local geological conditions influence ground motions.
Unlike traditional recordings, which are limited in number and spatial distribution, PBS generates extensive and
systematically spatially distributed ground motion data, allowing for the quantification of spatial correlations
while relaxing the assumptions of stationarity and isotropy. This approach enables the calculation of correlation
coefficients for every pair of stations in a region and facilitates the investigation of how source, path, and site
geology impact spatial correlations. In this study, a 3D physics-based simulated broadband SGM database for
Istanbul, generated by SPEED software, is employed. The richness of this catalog, with 65 earthquake scenarios
and simulated SGM records for 7343 stations, provides a unique opportunity to access the anisotropy and non-
stationary properties of SGM spatial correlation. The characteristics of this database are explained in more detail
in “Data” of this paper. This paper employs two different approaches to investigate the spatial correlations of
SGM. The first method is discussed in sections "Calculation of SGM residuals" and "Stationary spatial correla-
tion model", wherein traditional geostatistical techniques are used to estimate and compare the SGM stationary
correlations. This method focuses on examining the stationary assumption and event-to-event correlation vari-
ability with respect to the response period. The source effect on spatial correlation is assessed in Section "Source
effect” by investigating the variation of the correlation range considering the slip distribution and magnitude.
On the other hand, the second method, which is presented in Section "Path and site effect”, includes computing
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nonlinear nonstationary spatial correlations for each station pair individually. The obtained results from this
approach help identify significant contributing factors, including the relative distance and direction of stations
to the rupture, indicating the path effect, and soil properties representing site effects. In order to understand
the impact of these factors on the variability of the correlation range, the coefficient of variation of correlation
ranges is computed with respect to the variation of each metric.

Data

In this study, we utilize a comprehensive 3D physics-based simulated broadband Strong Ground Motion (SGM)
database for Istanbul, which was generated by SPEED (https://speed.mox.polimi.it/istanbul-earthquake). SPEED
(Spectral Elements in Elastodynamics with Discontinuous Galerkin) is an advanced open-source code that
uses three-dimensional physics-based numerical simulation of the wave propagation, topography models, and
kinematic models of seismic fault rupture®. The distinct advantages of SPEED include its ability to incorporate
near-source earthquake features, such as directivity effects®®, and its reliability across a broad period range,
achieved through an innovative artificial neural network-based approach known as ANN2BB*.

Even though physics-based simulations cannot reproduce exactly the real ground motions, studies have
shown that SPEED can create realistic earthquake ground-motion scenarios and that the resulting waveforms
have the same peak values, duration, and frequency content as near-field earthquake recordings. The successful
validation of SPEED’s numerical approach is achieved through verification against an independent numerical
solution, statistical assessment of ground motion, comparison with established ground-motion prediction equa-
tions, and a direct comparison of SPEED’s simulation results with earthquake recordings. The results indicate
that the simulated ground motions align well with empirical GMPEs. However, for Mw 7.4 events, PBSs yield
higher ground-motion estimates due to directivity effects, which are amplified by the particular geometry of
the Fault®. Moreover, Stupazzini et al.** demonstrate that the number of simulations conducted for Istanbul
is sufficient to yield stable estimates of ground motion moments. They also establish that the complexity and
variability within kinematic models of slip distribution provide a realistic representation of both between- and
within-event variations. Also, the validation of spatial coherency by Smerzini*’, along with the studies conducted
by Infantino et al.** and Lin and Smerzini*®, collectively highlight SPEED’s proficiency in accurately predicting
spatial correlation structures across a broad frequency range.

Since Istanbul is close to the North Anatolian Fault, which has distinct seismic activity and pure strike-slip
rupture behavior, it is a great case study for making simulation-based SGM databases. Moreover, seismic gaps
along the segments of the fault, which is located south of Istanbul, have raised significant concerns regarding
the occurrence of the near-field earthquake in this city. In this regard, SGM of 65 earthquake scenarios with
magnitudes of 7.0, 7.2, and 7.4 and various hypocenter locations and rupture characteristics are calculated for a
computational mesh of 165 x 100 km? and 30 km depth in 7343 stations by SPEED. The spectral element model
uses topography and bathymetry models (taken from http://www.cgiarcsi.org) as well as a shallow geology 3D
numerical velocity model linked to a horizontally layered deep crustal model. The 3D shallow soil layer, which
encompasses six soil classes based on Vs30 as shown in Fig. 1b, is derived from the study by Ozgiil*®. This layer
is characterized by a spatially varying distribution of S and P wave velocities, both horizontally and vertically.
Additionally, a viscoelastic soil model with a frequency-dependent quality factor is adopted in the simulation®”.
The slip distribution for each scenario is generated randomly based on two kinematic rupture models: the "HB94"
model by Herrero and Bernard*® and the "CA15" model proposed by Crempien and Archuleta*'. The "HB94"
model generates slip distribution through concentrated asperities and employs the "k-square" model for the slip
spectrum. On the other hand, the "CA15" model results in patchily distributed asperities along the rupture. For
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Fig. 1. (a) The stations (shaded area is reperesenting of dense network of close stations) and epicenters (stars)
of the simulated earthquake scenarios used in this study; (b) the Vs30 map of the shaollow soil of the case study.
These maps were created using QGIS software (version 3.12.2) available at https://qgis.org.

Scientific Reports |

(2024) 14:21235 |

https://doi.org/10.1038/s41598-024-72241-1

nature portfolio


https://speed.mox.polimi.it/istanbul-earthquake
http://www.cgiarcsi.org
https://qgis.org

www.nature.com/scientificreports/

a deeper understanding and more details, readers are referred to Infantino et al.*>. Figure 1a depicts the loca-
tions of the strike slip fault with a dip angle of 90°, stations and epicenters of the simulated earthquake scenarios.
The richness of the SPEED Istanbul catalog with verified spatial correlation structures, which is rare in a real
earthquake database, explains why the authors used it to access the anisotropy and nonstationary properties of
SGM spatial correlation. The data set consists of peak ground displacement, peak ground velocity and response
spectrum acceleration for a broad period range*>.

Calculation of SGM residuals
In general, the ground motion parameters caused by the ith earthquake at site j can be estimated as follows:

log(IMj)) = logm(Sei.snej) i & (1)

in which W(Sei_sngj) is the predicted mean value of the intensity measure for the ith scenario, which can be
estimated according to existing GMPEs or specific regression analyses on the SGM database®!8. The difference
between the mean prediction and the observed or simulated intensity measure is the sum of the between-event
residual indicated by »; for the ith scenario, and the within-event residual indicated by e;; for site j from the ith
scenario. It is assumed that these terms are independently distributed random variables with a normal distribu-
tion, zero mean, and standard deviations which are denoted here as 7 and ¢.

In this study, consistent with previous ones*»*, an ad hoc regression relationship is preferred to prevent
inconsistencies between simulation amplitudes and empirical ground motion model predictions. To take advan-
tage of this study’s huge and dense SGM database, this model is fitted to each scenario individually as follows:

o Vs30
10gIM (s, sitej) = €1 + Cleg\/(Rz +a?) + ‘:4\/(R2 +es?) + Cleg( 7560 ) @

where ¢y, ¢2, c3 and ¢4 are the regression coefficients while R is the shortest distance between the site and the
rupture.
The between-event residual can be estimated by Jayaram and Baker® as:

~ Z;il(ﬂi + &ij)

ni = (3)
fé—kn

where 7 is the total number of stations for each scenario which in our case study is so significant (7343) that it

2
seems rational to ignore the effect of % in the denominator part. Therefore, the between event residuals can be
reasonably defined as:

N 1 n 1 n _
M= Ot =% (log(M;) —10gIM i) (4)

In addition, the within-event residual can be calculated as:
& = log(IMy) — logIM ., gie;) — i (5)

And the standard within-event residuals are defined as:

&jj = Py (6)

Trend of residuals

Understanding the relationship between ground motion residuals and key predictors is crucial for accurate spatial
correlation analysis. By examining trends in residuals relative to R (closest distance to rupture), Vs30, and M,
we assess the effectiveness of the ground motion prediction model. Trends are analyzed by plotting the means
and standard deviations of normalized within-event residuals, as shown in Fig. 2. The plots reveal that residu-
als exhibit no significant trends for various IMs. This lack of apparent trend suggests that the ad hoc GMPE of
our study adequately accounts for these primary factors. Addressing potential biases in residuals enhances the
accuracy of spatial correlation models.

Stationary spatial correlation model

The geostatistical approach based on semivariogram is one of the most common for developing stationary and
isotropic spatial correlation models'®'*!>#4, The semivariogram is defined by the average dissimilarity of two
random variables Z; and Z as follows:

1
v = 5 [E{(Z; - 207}] %)

Due to the lack of repeated data for a specific station pair, second-order stationary and isotropy assumptions
have been taken into account. Therefore, the empirical semivariogram of within-event residuals of the station
pair (j, k) can be estimated using the Matheron method as described in:
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Fig. 2. The mean and standard deviation of normalized within-event residuals vursus distance to rupture, V3o
and M,, for: (a) Sa(T =1 s); (b) PGD; (¢) PGV.

~ 1 =~ 32
vih = Mzh—%«d(,‘.k)sﬂ% (&ij — Fik) ®)

N (h) denotes the number of station pairs with the separation distance h by a user-specified tolerance (distance
bin A) and ¢ implies the normalized within-event residual. It is worthy of note that y”(h) only measures semi-
variograms at discrete values of h. To obtain a predictive model for all values of h, a regression analysis should
be conducted to fit a function (e.g., exponential, Gaussian, or Spherical) on the empirical semivariogram data.
In the current study, the common exponential function with the following form is employed:

=] —en(2) .

where a is described as the semivariograms sill (variance of data), which here is a = 1, due to the standardization
of residuals by Eq. (6) for pooling the data of all records and better comparison between different earthquakes.
The semivariogram’s range, the separation beyond which the residuals can be regarded as independent (where
9" (h) reaches 0.95a), is denoted by b.

Baker and Chen'® reviewed different common fitting approaches and concluded that the weighted least
squares fitting method (WLS) performs better with limited bias and lower estimation uncertainty, similar to our
results. Therefore, the WLS method is selected as the main fitting technique in this paper, taking into account
weights assigned to each distance as:

W =np X e T (10)

in which ny, is the number of station pairs at distance # and ¢ =5 which means the weight of the error at a distance
of 0 km is 3 times larger than the weight at a distance of 5 km.
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Moreover, the relationship between the semivariogram and spatial correlation could be simply delineated by"*:
y(h) =a[l — p(h)] (11)

To implement spatial correlation in seismic hazard assessment, we first calculate the correlation matrix for
intra-event residuals at the desired points using the predictive correlation models outlined in Eq. (10). We then
simulate the correlated random field of intra-event residuals through methods such as Cholesky decomposi-
tion by a multivariate normal distribution with a zero mean and the derived correlation matrix. As described
in Eq. (2), by multiplying the simulated intra-event residuals by their standard deviation and then adding the
inter-event residuals and the predicted mean values of the intensity measure from the GMPEs, we achieve a
more accurate and realistic assessment of seismic hazards. This approach leads to better-informed decisions in
earthquake preparedness and risk mitigation.

Modeling
As mentioned in previous sections, the initial step to developing correlation models for this study involves cal-
culating the normalized residuals for the geometric mean of the horizontal spectrum acceleration components
at 18 different periods, ranging from 0 to 5 s. For each scenario, experimental semivariograms are estimated
using Eq. (8). These semivariograms are then fitted with the exponential functions described in Eq. (9) using
the WLS method. The weights for the WLS method are estimated from Eq. (11). The correlation ranges of all
scenarios are calculated as the unique explanatory variables of the fitted models. It is important to note that the sill
parameter equals 1 due to the previous normalization of residuals. Figure 3a presents a graphical representation
of the geometric mean and standard deviation of the spatial correlation ranges for all scenarios plotted against
different periods. Consistent with previous research by Schiappapietra and Douglas'. A positive overall trend
is observed between the correlation ranges and the response spectrum periods. However, no specific trend can
be identified for periods less than 1 s, and the standard deviation of the correlation range decreases for longer
periods. This can be explained by the influence of local soil conditions and path characteristics on short-period
waves. The notable gap between the upper and lower bounds of the spatial correlation range in Fig. 3a, indicating
significant event-to-event variability in the estimated correlation range at all IMs, suggests that spatial correlation
is influenced not only by model and estimation uncertainty but also by source, path, and site effects. However,
identifying these effects using empirical data is challenging due to data scarcity. To address this, we use simulated
SGM to explore the source, site, and path impacts on the spatial correlation, aiming to explain the observed
variability in correlation ranges. Figure 3b presents the coefficient of variation (CV) of correlation ranges over all
scenarios. The CV is a statistical measure that expresses the degree of variation or dispersion in a set of data rela-
tive to its mean. It is calculated by dividing the standard deviation of the data by its mean, as shown in Eq. (12).
The resulting value is generally expressed as a percentage and provides a standardized measure of variability that
can be used to compare the variability of different data sets with different means. A higher CV indicates a greater
degree of variability relative to the mean, while a lower CV indicates less variability.
U
CV = o (12)
Based on Fig. 3b, the CV is approximately 40% for peak ground displacement (PGD), peak ground velocity
(PGV), and long-period spectrum acceleration, while it is around 60% for short-period accelerations. Neglecting
this considerable variability can implement biases in regional seismic hazard and risk assessments, as highlighted
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by Heresi and Miranda'!, who noted the pronounced event-to-event variability in spatial correlation model
parameters for 39 well-recorded earthquakes.

In order to investigate the anisotropy and nonstationarity of the spatial correlations within our random field,
we conducted variogram calculations at various orientations using a 10-degree angular bin as well as at different
separation distances using a 2-km distance bin. These results were then utilized to create smoothed variogram
maps. The variogram surface allows us to gain insights into the nonstationarity and anisotropy of the random
field by examining how the variogram changes across different distances and directions. Ideally, in cases where
stationarity and isotropy are valid, the variogram surface should display a smooth and symmetric pattern, with
variogram values increasing gradually as the lag distance increases until reaching a plateau or upper limit. Moreo-
ver, a symmetric structure around the origin signifies that variogram values will be similar in all directions. On
the other hand, nonstationary refers to variations in the statistical properties, such as mean and variance, of the
random field across space. These variations can manifest as alterations in the shape or range of the variogram in
different areas. As depicted in Fig. 4, the presence of a non-concentric, non-symmetric variogram surface with
multiple distinct peaks suggests that different subregions have various spatial structures. Consequently, this
indicates a varying spatial correlation throughout the space. Furthermore, when the variogram varies across
different directions, it implies that stations exhibit a higher level of correlation along certain orientations. Our
findings for all records clearly illustrate the nonstationary and anisotropic correlation of our random field.
Figure 4 illustrates three examples of them. Consequently, our next aim is to investigate the underlying reasons
for the considerable variations between records as well as the nonstationary and anisotropic pattern of spatial
correlations in different aspects of the three categories, including source, path, and site effects. This research is
a crucial step in the development of more complex nonstationary and anisotropic spatial correlation models.

Source effect

The magnitude and source model are two main characteristics of an earthquake. However, it is challenging to
make generalizations about the relationship between spatial correlation and magnitude because other factors,
such as slip distribution and the relative position of the rupture area, may have more deterministic roles and
counteract the effect of magnitude. Our results depicted in Fig. 5¢ reveal no specific trend between correlation
range and magnitude, which is consistent with findings from previous studies'"***. On the other hand, the source
model can significantly influence the propagation of seismic waves in the Earth’s subsurface. Variations in slip
distribution and rupture characteristics can result in different wave propagation paths, scattering, and interac-
tions with geological structures, leading to variations in ground motion characteristics and correlation ranges.
Previous studies by Stafford et al.??, Infantino et al.*, and Schiappapietra and Smerzini*® have also highlighted
the impact of source characteristics.

To investigate the correlation dependency on the rupture model, we categorized earthquake scenarios based
on the rupture model and plotted the average correlation range for each category as a function of period in
Fig. 5d. As mentioned earlier, two kinematic rupture models referred to as “HB94” and “CA15” were considered
by SPEED to simulate the SGM database. The "HB94" model produces the slip distribution by modeling con-
centrated asperity and the "k-square" model for the slip spectrum, while the "CA15" model disperses asperities
unevenly throughout the rupture (as shown in Fig. 5a,b). The scenarios simulated by the "HB94" model show
higher correlation ranges of response spectrum acceleration, as well as PGV and PGD, compared to the "CA15"
model. This suggests that a slip distribution that is more heterogeneous can result in a lower residual correlation.
In fact, when slip occurs in multiple patches along the fault, it results in greater variation in ground motion. This
variation is influenced by the contributions of slip from different patches, leading to spatially varying shaking
and impacting spatial correlation. This effect is particularly pronounced in near-field earthquakes, where the
distribution of slip has a greater impact on ground motion. Even slight alterations in slip can cause significant
variations in ground motion at nearby locations, ultimately affecting the correlation of ground motion.

Path and site effect

As mentioned earlier, the semivariogram method is used to measure spatial correlation under the assumptions of
isotropy and stationarity. However, in this study, considering the size of our SGM database, we have the opportu-
nity to relax these assumptions and explore factors beyond spatial proximity, such as path and site characteristics.
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Fig. 5. (a) HB94 slip distribution model. (b) CA15 slip distribution model (c) the mean and deviation of
correlation range for PGD, PGV, PGA, and PSA of earthquake scenarios classified by magnitude (d) the mean
and deviation of the correlation range for PGD, PGV, PGA, and PSA of earthquake scenarios classified by source
model and magnitude.

To achieve this, it is useful to compute site-specific correlations that quantify correlation in a non-stationary and
anisotropic manner for each individual station pair. In previous studies**?*?”#°, the common practice was to use
Pearson correlation to measure the nonstationary correlation. The Pearson correlation coefficient measures the
strength and direction of the relationship between two variables, assuming a normal data distribution and linear
dependence. Although these assumptions may not hold in spatial data, utilizing the coefficient can still provide
valuable insights by revealing influential factors and how they affect the spatial correlation of within-event
residuals. This coefficient quantifies the correlation between the residuals of each station pair (j, k) as follows:

Z?zlgijgik
) ~ 2 (13)
\/Z?:ﬁij \/Z?:ﬁik

where Eij and ¢, indicate the within-event residuals of the ith scenario at sites j and k, and n is the number of
earthquake scenarios that have generated records at sites j and k.

However, we opted to utilize the Spearman correlation method in this study. The Spearman correlation
determines the correlation between two variables by calculating the Pearson correlation of their rank values.
Unlike Pearson’s correlation, which assesses linear relationships, Spearman’s correlation evaluates monotonic
(nonlinear) relationships, regardless of whether they are linear or not. This method is non-parametric, meaning
it does not assume a specific data distribution, and it is robust to outliers, allowing for reliable measurements
even with extreme observations. By considering potential nonlinear relationships between the within-event
residuals of IMs at different stations, the Spearman correlation, formulated as the following equation, is more
suitable for our analysis.

P(gj.en) =

(R(&j)-Rey)
ro = P(R(g)-R(ep)) = COVGR(# "
g €

where cov(R(sj).R(sk)) is the covariance of the rank variables and OR(g) and og(, ) are the standard deviations
of them. In our study, we aimed to identify the spatial correlation between all pairs of stations by computing
correlation coefficients. This was made possible due to the availability of multiple simulated ground motions
at each station. In order to predict spatial correlation based solely on separation distance (h), we fit commonly
used exponential models as follows:
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3h
o(h) =exp(—?) (15)

The resulting models are presented in Fig. 6, where they are compared to other well-known models. The
spatial correlation model of simulated ground motions generated by SPEED code had the same decay pattern as
the empirical models®*!!, particularly the ones proposed by Jayaram and Baker'® and Wagener et al.!’. It is worth
noting that Wagener et al.'® developed a spatial correlation model for Istanbul (similar to our study area) using
SGM data and the dense network of the Istanbul Rapid Response and Early Warning System.

In this particular study, the relative distance and direction to the rupture and the soil properties of two sites
have been identified as potential factors that could affect the spatial correlation. By assessing these factors, it may
be possible to better understand how they contribute to the overall correlation observed in the IMs.

Distance to rupture dependency

The shortest distance from the site to the rupture is a common measure of source-to-site distance in all recent
GMPE models. To assess the dependency of the spatial correlation of the station pair, we need to consider the
distance of both stations from the rupture. There are several methods to have an average distance*. In this study,
considering the finite fault model, the harmonic mean of the shortest distances between the station pair and the
rupture plane is selected as the distance-to-rupture measure of each station pair as follows:

— . 2
Rl = 1 + L (16)
R; Ry

We categorized station pairs according to their mean distance to rupture (8 km bins) in order to examine how
the correlation varies with the distance of stations from the rupture. For each class, we then develop a correla-
tion model by fitting the exponential function of Eq. (15). The findings for SA(3 s) is presented as an examples
of results in Fig. 7a. Our results imply that in general, station pairs located in close proximity to the earthquake
rupture exhibit lower spatial correlation when compared to those situated at greater distances. This holds true
for various types of intensity measures, including PGD, PGV, and SA. This phenomenon can be explained by the
significant influence of near-source earthquake characteristics and source effects on ground motion variability at
stations that are nearer to the rupture. Vyas et al.*’ reveal that the variability of within-event residuals of PGV in
near-field earthquakes is higher at a closer distance to the strike-slip rupture. Also, the rupture complexity is more
effective at nearer stations to the rupture. For instance, Ripperger et al.*® found that stress heterogeneity-induced
variations in SGM are more pronounced near the rupture. Additionally, considering the finite fault model in
this study, waves propagating from different parts of the fault have different radiation paths and incident angles,
which lead to variations in the ground motion of the stations near the rupture. However, farther away from the
earthquake source, ground motions become less influenced by the characteristics of the finite fault model of
rupture, and waves propagating from the fault tend to reach nearby stations almost simultaneously, resulting in
increased spatial correlation among them. Moreover, the spatial correlation range is influenced by the distance
between station pairs and the rupture. Plotting the correlation range’s CV for each IM in Fig. 7b reveals that the
range’s CV is roughly 30% regarding the variation of station pairs distance from the rupture.

Anisotropy

The objective of this section is to investigate the anisotropic properties of spatial correlation. To achieve this, our
research delves into the relationship between spatial correlation and the orientation of the separation distance
vector. We compute and plot the average correlation coefficients of station pairs that have similar directions

—#— This Study(Scenarios with M=7)
—&— This Study(Scenarios with M=7.2)| |
This Study(Scenarios with M=7.4)|
—+—Wagener et al. Model(2016)
—&— Jayaram and Baker Model(2009) |
Goda and Atkinson Model(2010)
—— Heresi and Miranda Model(2019) | |
Goda and Hong Model(2008)

o
@
T

o
~
T

o
o
T

Correlation Models for Sa(1s)
© o o
w = wn

o©
[N
T

=
-
T

o

20 30 40 50
Separation Distance[km]

o
-
o

Fig. 6. Comparison of spatial correlation models from this study for Sa(T =1 s) with existing emperical models.
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Fig. 7. (a) Spatial correlation models of station pairs with various mean distances to the rupture using Mw="7.4
scenarios for within-event residuals of Sa(T =3 s); (b) the coefficient of variation of correlation ranges regarding
the variation of station pairs distance from the rupture.

against the azimuth of station pairs, which is the angle formed between their separation distance vector and
the north direction. For example, Fig. 8 illustrates polar plots displaying the average correlation coefficients of
station pairs classified based on direction bins (AB=10° intervals) and separation distance (10 km intervals)
for PGD, PGV, PGA, Sa(1 s), and Sa(3 s). Furthermore, Fig. 8f displays the mean separation distances of station
pairs within each angular bin. The consistent separation distance across all angular bins serves as confirmation
that the variation in correlation is not due to differences in the scalar values of separation distances. Our findings
indicate systematic variations in average correlation coeflicients based on the direction of station pairs. The most
possible explanation for this observed anisotropy lies in the dependence of spatial correlation on the relative
positioning of stations in relation to the earthquake rupture. This finding aligns with Sheng et al.*s research,
which underscores the impact of seismic wave direction on spatial correlation patterns. Their work highlights
the strong influence of seismic energy incidence angles on waveform similarity. Moreover, they have also noted
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Fig. 8. The mean correlation coefficients versus the azimuth of separation distance vector using Mw=7.4
scenarios for within-event residuals of: (a) Sa(T=3s); (b) Sa(T=1 s); (c) PGA; (d) PGV; (e) PGD; (f) the mean
separation distances of station pairs associated with different direction bins.
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that the interaction between seismic waves and local geology, often referred to as site effects, varies with the
direction of propagated seismic waves.

In this study, based on the location of the earthquake rupture, we can conclude that station pairs positioned
perpendicular to the rupture direction exhibit stronger correlations. When station pairs are aligned perpendicu-
larly to the rupture direction, they effectively occupy the same portion of the rupture area, resulting in more
similar wave propagation directions. In the context of near-field earthquakes, this alignment enables them to
capture more direct, coherent, and synchronized seismic waves originating from the seismic source. Conse-
quently, the spatial correlation of intra-event residuals for such station pairs tends to be higher. Alternatively,
when station pairs align parallel to the rupture direction, they are situated along distinct segments of the rupture.
This alignment can lead to variations in wave propagation paths and directivity effects, resulting in greater vari-
ability in recorded ground motions. This observation is consistent with the findings of Vyas et al.*” in their study
of near-field earthquakes with strike-slip ruptures, where they noted higher variations in ground motion along
the rupture-propagation direction and lower variations perpendicular to it. Additionally, studies by Chen and
Baker? and Infantino et al.?* reported higher spatial correlations of within-event residuals for stations located
perpendicular to the fault.

Additionally, we categorized station pairs based on their azimuth angles to compare the correlation among
station pairs with different azimuths. For each angular bin, we developed a correlation model by fitting the
exponential function from Eq. (15). The correlation models for Sa(T =3 s) are presented in Fig. 9a. Our findings
indicate that correlation vary across different directions, and station pairs with specified separation distances
exhibit diverse spatial correlations in relation to their azimuth angles. Consequently, the correlation range is
also influenced by the orientation of station pairs. This observation remains consistent across all ground motion
parameters (IMs). Figure 9b illustrates the CV of correlation ranges concerning variations in station pair azi-
muths for all IMs. It is evident that all IMs display significant variation in correlation range, typically falling
within the CV range of 20% to 35%.

Site effect dependency

Soil characteristics are key factors in determining the spatial correlation of ground motions during an earthquake.
Variations in soil properties, including amplification and attenuation effects, local site conditions, wave propaga-
tion speeds, damping characteristics, and frequency content, contribute to differences in ground motion intensity
across locations®~*. Softer soils may amplify ground motions, while stiffer soils may attenuate them, leading to
variability that reduces spatial correlation. Additionally, differences in wave propagation and frequency content
due to varying soil conditions further influence the correlation between sites. This section aims to investigate
how soil properties impact spatial correlation by examining the relationship between site characteristics and
the spatial correlation of intensity measures (IMs) in two key aspects: (1) the effect of soil dissimilarity between
two stations and (2) the soil properties of each station. We consider Vs30 as the most well-known and accessible
information about soil conditions to account for site effects.

The first outlook involves analyzing the effect of the differences between the Vs30 values of station pairs on
spatial correlation. We categorize station pairs into five groups based on their dissimilarity of Vs30, ranging from
0 to more than 800 m/s, in order to compare the correlation among each group of station pairs. For each group,
we develop a correlation model by fitting the exponential function from Eq. (15). The correlation models for
Sa(T=3s), PGV, and PGA are presented in Fig. 10a—c. The findings indicate that as the disparity in soil’s shear
wave velocity between station pairs increases, there is a decrease in correlation for all IMs. Generally, station
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Fig. 9. (a) The spatial correlation models for the within-event residuals of Sa(T =1 s) computed for station
pairs in various directions as a function of separation distance using Mw =7.4 scenarios; (b) the coeflicient of
variation of correlation ranges for different IMs using Mw =7.4 scenarios.
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Fig. 10. Spatial correlation as a function of the differnces of the soil properties of station pairs.

pairs with similar soil conditions exhibit higher spatial correlations compared to stations with different soils.
Therefore, the correlation range varies depending on the heterogeneity of the soil. Figure 10d illustrates the CV
of correlation ranges concerning the soil dissimilarity for all IMs, typically falling within the range of 20% to 30%.
This variation in correlation can be attributed to the differences in surface and subsurface geological features
at each site, resulting in variations in soil properties, such as Vs30, which affect how seismic waves propagate
through the ground. It is important to note that locations with higher Vs30 values generally have denser and
more compact soils, which allows seismic waves to propagate faster. Conversely, lower Vs30 values indicate
less dense soil, resulting in slower wave velocities. So, when there is a greater contrast in shear wave velocity
between two stations, the seismic waves velocities differ more for them. This contrast in wave velocities can lead
to significant differences in wave behavior as they travel through the subsurface leading to a lower correlation
between recordings. These observations highlight the importance of considering the variability in soil properties
when characterizing spatial correlation in seismic hazard analysis.

The second feature explored in the study is the impact of site-specific soil properties on spatial correlation. To
achieve this, station pairs were categorized into five groups based on their Vs30 values to examine how correla-
tion varies across different soil classes, including soft and rock soil conditions. Each group was then individually
analyzed, and correlation models were developed using the exponential function (Eq. 15) for Sa(T=3 s), PGV,
and PGA, as illustrated in Fig. 11a—c. The results reveal that stations located on rock exhibit stronger correlations
compared to those situated on soft soil. This could be attributed to the fact that soft soils exhibit more pronounced
site effects and tend to amplify and scatter seismic waves, thereby reducing the overall similarity of the recorded
data. This trend holds true across all IMs. This observation is consistent with findings from Smerzini*” studies
on the spatial coherency of earthquakes. It is also worth noting that the range of correlation varies depending on
the soil class, as depicted in Fig. 11d, with a CV typically falling within the range of 30% to 40%.
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Fig. 11. Spatial correlation as a function of shear wave velocity of the soil of station pairs.

Discussion
Predictive models for spatial ground motion correlation play a crucial role in assessing seismic risk to distributed
infrastructure and building portfolios, as well as in rapid post-earthquake ground motion estimation. However,
due to insufficient recordings, existing spatial correlation models of ground motion rely on simplified approaches
based on the assumptions of isotropy and stationarity. As highlighted by the mentioned studies in the introduc-
tion and demonstrated by this study, these assumptions may not accurately predict the spatial distribution of
ground motions in space, particularly in near-source conditions. This issue is particularly important for seismic
hazard assessments of regional-scale infrastructure or urban areas, where spatial correlation structures play a
crucial role. Therefore, there is a growing emphasis on developing nonstationary and anisotropic correlation
models to generate random fields of residuals. Recent studies, such as those by Bodenmann et al.?8 and Liu et al.%,
have shed light on this subject. To make further progress in this field, it is essential to recognize the impactful
factors and gain a deeper understanding of their influence on the spatial correlation of intra-event residuals.
This can be achieved through additional research conducted on dense databases of SGM in different regions.
The findings of our study offer valuable insights into the spatial correlation of ground motions. Through the
utilization of a large catalog of simulated ground motions, this paper provides a comprehensive assessment of
the nonstationary and anisotropic characteristics of spatial correlation. We aim to detect the underlying causes
influencing a wide range of intensity measures in near-field earthquakes. Using the semivariogram approach, we
developed spatial correlation models for the simulated SGMs of 65 earthquake scenarios. The results revealed
that the CVs of correlation ranges for various earthquake records, which reflect the record-to-record variability,
exhibited significant values of 40-60% for different IMs. Neglecting this remarkable uncertainty when performing
regional seismic hazard and risk assessments may introduce bias. We have observed that the slip distribution,
which serves as an indicator of the source effect, has a significant impact on the spatial correlation range. Impor-
tantly, the variogram analysis demonstrated that the residuals displayed non-stationarity and anisotropic patterns
attributed to the effects of the source, path, and site. Consequently, the authors moved toward nonstationary
correlation analysis to investigate the nonstationary and anisotropic properties of correlation. The Pearson cor-
relation coefficient, which calculates the linear correlation between variables, was used in previous research to
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quantify the nonstationary site-specific correlation. However, we employed the Spearman correlation approach
to determine the spatial correlation coefficient for every pair of individual stations, taking into account the
possibility of nonlinear correlations in spatial data. This method takes into account the nonlinear relationships
between the intra-event residuals of the two stations. Through this approach, we were able to identify the major
contributing factors, including the relative distance and direction of the stations to the rupture (an indicator
of the path effect), as well as the soil properties that represent the site effects. This study has demonstrated that
the variability of spatial correlation ranges for different intensity measures (IMs), considering various factors
such as source and site characteristics, the relative location, and the direction of station pairs to the rupture, is
significant and should not be neglected. The findings question the widely applied approach in seismic hazard
studies, which models the spatial correlation of IMs by employing only the distance between station pairs as
the explanatory variable. Taking into account additional significant parameters, as shown by this study, enables
the development of more complex and precise spatial correlation models. We may greatly improve our hazard
analysis’s precision by adding these factors to empirical correlation prediction models.

The spatial correlation model of the simulated ground motions made by the SPEED code has the same
decay pattern as the empirical models, especially the one developed for Istanbul, which is similar to the area
we studied. However, it is important to acknowledge that the current ground motion simulation methods do
not fully capture the variability that naturally exists in the complex physics of earthquake sources, propagation
paths, and local site effects. For example, the variation of source parameters is limited in our database due to the
high computational costs and difficulty in assigning a realistic probability of occurrence to various conditions.
Additionally, considering such an extended computational domain, the physics-based simulations may not
rely on a sufficiently detailed 3D model. Successful validation tests, however, showed that in the Istanbul case
study, combining a crustal model with a thorough urban microzonation proved sufficient to provide a realistic
modeling of the area. Despite being aware of these limitations, we opted to utilize the simulated database in
our study due to the distinctive richness and quantity of our database. Our database, comprising a network of
7,343 stations and a minimum station separation distance of 15 m, offers a level of richness that is rarely found
in real earthquake databases. This is particularly advantageous in near-field earthquakes, where nonstationary
and anisotropic spatial correlation patterns are more pronounced, but obtaining real earthquake data is more
challenging due to the scarcity of ground motion recordings available in close proximity to earthquake ruptures.

Conclusion

This study analyzes the spatial correlation properties of PGV, PGD, and response spectral acceleration over a
broadband range of periods using 3D physics-based simulated ground motions generated by SPEED for Istanbul
through both stationary semivariogram and nonstationary Spearman correlation methods. Our results show
that the correlation range, a key parameter in the stationary spatial correlation model, has a positive relationship
with the period of the response spectrum. However, no specific trend can be identified for periods shorter than
1 s. Moreover, the standard deviation of the correlation range decreases for longer periods due to the enhanced
influence of local soil conditions on short-period waves. The coeflicient of variation (CV) of correlation ranges
is approximately 40% for PGD, PGV, and long-period spectrum acceleration and around 60% for short-period
accelerations, highlighting significant event-to-event variability. Furthermore, the non-concentric, non-symmet-
ric variogram maps demonstrate nonstationarity and anisotropic patterns of spatial correlation.

We examined source, path, and site effects to explain the significant variability and the nonstationary, ani-
sotropic nature of spatial correlations. Exploring the source effect, we observed that the correlation range is not
specifically correlated with magnitude but rather strongly varies depending on the rupture model. A more het-
erogeneous slip distribution leads to a lower spatial correlation for all intensity measures compared to a rupture
model with a concentrated asperity.

Examination of path effects shows that spatial correlation decreases for station pairs closer to the rupture
due to the enhanced influence of near-field earthquake characteristics in the vicinity of the rupture. The CVs for
correlation ranges are around 30% based on the distances of station pairs from the rupture. Furthermore, the
azimuth of station pairs relative to the rupture contributes to the anisotropy in spatial correlation. Station pairs
oriented perpendicularly to the rupture exhibit a higher correlation, primarily due to their exposure to more
similar wave propagation directions, with a CV of 20% to 35% for correlation ranges. The soil effect also plays a
significant role in spatial correlation. Station pairs with similar soil conditions demonstrate higher correlations
compared to pairs with differing soil properties, with CVs ranging from 20 to 30%. Also, stations located on rock
exhibit stronger correlations compared to those on soft soil, with CV's generally between 30 and 40%.

Overall, this study enhances seismic hazard assessment by providing insights into spatial ground motion
correlation, which is crucial for developing nonstationary and anisotropic models. Incorporating these factors
can improve predictive accuracy, leading to a more realistic simulation of random fields of residuals. Future
research should continue to explore empirical and simulated earthquake data from various regions to deepen
our knowledge in this field.

Data availability
Simulated ground motion data utilized in this study was graciously provided by SPEED, through personal com-
munication. BB-SPEEDset data is publicly accessible on their website at https://speed.mox.polimi.it/bb-speedset.
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