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S U M M A R Y
The spatial geometry of seismicity encodes information about loading and failure processes,
as well as properties of the underlying fault structure. Traditional approaches to characterizing
geometrical attributes of seismicity rely on assumed locations and geometry of fault surfaces,
particularly at depth, where resolution is overall quite poor. In this study, we develop an
alternative approach to quantifying geometrical properties of seismicity using techniques from
anisotropic point process theory. Our approach does not require prior knowledge about the
underlying fault properties. We characterize the geometrical attributes of 32 distinct seismicity
regions in California and introduce a simple four class classification scheme that covers the
range of geometrical properties observed. Most of the regions classified as having localized
seismicity are within northern California, while nearly all of the regions classified as having
distributed seismicity are within southern California. In addition, we find that roughly 1 out of 4
regions exhibit orthogonal seismicity structures. The results of this study provide a foundation
for future analyses of geometrical properties of seismicity and new observables to compare
with numerical modelling studies.

Key words: Spatial analysis; Seismicity and tectonics; Statistical seismology; Crustal struc-
ture.

1 I N T RO D U C T I O N

Geometrical properties of seismicity provide fundamental informa-
tion on the structure and mechanics of different crustal sections sus-
taining brittle deformation (Ben-Zion & Sammis 2003). Over the
years, various studies have argued that the main statistical features
of earthquakes are universal and characterize earthquake dynam-
ics in different space–time domains (e.g. Turcotte & Brown 1993;
Kagan 1994). Other examinations of detailed data sets pointed to
a regional diversity of earthquake patterns, and highlighted the po-
tential of deriving refined information by understanding different
types of behaviour across varied domains (Ben-Zion 2008; Zaliapin
& Ben-Zion 2013). Developing additional tools that can be used to
identify different categories of seismicity patterns, if such exist, can
improve the understanding of earthquake behaviour in relation to
properties and processes of fault structures and the crust.

The spatial distribution of earthquake hypocentres has been the
subject of extensive analysis. It has long been recognized that seis-
micity does not follow a spatially homogeneous Poisson process, but
rather is highly spatially clustered (Suzuki & Suzuki 1965; Kagan &
Knopoff 1980; Reasenberg 1985). Spatial point patterns studied in
various fields aside from seismology commonly exhibit clustering,
but typically such clustering exists over a relatively narrow range
of length scales. Seismicity, however, has been shown to effectively
exhibit spatial clustering over all scales, ranging from 2 to 200 km in

southern California (Kagan 2007) and over larger distances globally
(Zaliapin & Ben-Zion 2016). Kagan & Knopoff (1980) quantified
general spatial clustering of seismicity by counting the number of
epicentral pairs at a given separation distance. They found that the
number of epicentral pairs decays with distance following a power
law and used these results, in part, to argue for universality of earth-
quake dynamics. Many subsequent works focused on performing
similar computations for different earthquake datasets and calculat-
ing respective fractal dimensions (e.g. Hirata & Imoto 1991; Wyss
et al. 2004; Kagan 2007). Alternatively, it is possible to use detailed
knowledge about fault location and geometry to quantify the spatial
distribution of seismicity with respect to these structures. Hauksson
(2010) and Powers & Jordan (2010) performed such an analysis
for California fault zones by examining the density of epicentres
relative to major faults. These studies found that the density of epi-
centres is essentially constant out to a certain distance and decays as
a power law beyond this, interpreting the results as reflecting fault
zone architecture. Similar results were found for normal faults in
the Italian Apennines (Valoroso et al. 2014).

Aftershock spatial patterns have also been studied in great detail
as a means to understand the short-term physics of earthquake trig-
gering. With the development of finite-fault inversion techniques
it became possible to compare slip distributions with hypocentres
(Mendoza & Hartzell 1988; Wetzler et al. 2018). One of the most
persistent conclusions from analyses of this form is that the spatial
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density of aftershocks is effectively anticorrelated with slip distri-
butions (Beroza & Spudich 1988; Hsu et al. 2006; Sladen et al.
2010).

In this paper, we aim to develop a classification scheme for ge-
ometrical properties of seismicity along with a quantitative frame-
work for determining these classes. We achieve this by system-
atically analysing the degree of spatial clustering and anisotropic
features of seismicity in different fault and geothermal systems in
California. The analysis computes anisotropic pair correlation func-
tions for 32 separate regions and interrogates these results with a
point process model for spatial clustering. Four basic spatial patterns
of seismicity are used to classify the geometry of epicentres: local-
ized, distributed, banded and clumped. These four types of shapes
and intermediate cases describe the seismicity in all examined re-
gions, and are viewed as reflecting different deformation processes
in the crust.

2 P R E L I M I NA R I E S

2.1 Background on spatial point processes

A point process is a type of a stochastic model for a collection of
points X ⊂ R

D (e.g. Daley & Vere-Jones 2003). One of the most
important classes of spatial point processes are stationary point
processes, which means that X is translation invariant. To describe
this quantitatively, let us first define the first order moment measure
as

μ(A) = E (N (A)) , (1)

μ(2)(A × B) = E (N (A) · N (B)) , A, B ⊂ R
D . (2)

The measure μ(2) is a description of the mean number of pairs of
points between two volumes, A, B. It is closely related to another
quantity, g(u, v) : u, v ∈ R

D , called the pair correlation function,
which describes the likelihood of having a point at v given a point
exists at u, relative to the expectations for a Poisson process. Rela-
tively large values of g suggest the point pattern is clustered, while
relatively small values suggest regularity or repulsion. It is a second
order moment-based quantity.

A spatial point process is then considered stationary if both its first
and second order moments of the counts are translation invariant,
which requires,

μ(A) = μ(A + u) = λ · |A|, ∀u ∈ R
D

g(u, v) = g(u − v), u, v ∈ R
D,

where |A| denotes the volume of region A and λ is the (constant)
intensity.

The anisotropic pair correlation function (APCF), g(u, v), is a
quantitative description of how pairs of points are distributed in
space. Along with its cumulative analogue, the K-function, these
functions have been used widely in seismology (e.g. Kagan &
Knopoff 1980; Veen & Schoenberg 2006). However, in seismo-
logical studies, it has been usually assumed that the point process
is isotropic, that is g(u, v) = g(‖u − v‖). This is somewhat surpris-
ing given that seismicity has been widely recognized to exhibit clear
lineations over a range of length scales (e.g. Rubin et al. 1999; Wald-
hauser et al. 1999; Shearer 2002). Some studies have incorporated
anisotropy into point process models (Ogata & Zhuang 2006; Ogata
2011; Molyneux et al. 2018), mainly in the context of improving
earthquake forecasting.

Within the last few years, increasing work within spatial statistics
has been focused on anisotropic point processes (Møller et al. 2016;
Rajala et al. 2018; Sormani et al. 2020), and in several cases, seis-
micity catalogues have even been used as example datasets of highly
anisotropic point patterns (Møller & Toftaker 2014; Nasirzadeh
et al. 2021). These developments, however, have not yet made it
beyond the statistical literature and into earthquake science.

In this work, we consider the geometrical properties of seismicity
as spanning a continuum effectively defined by four end-member
cases, which are demonstrated in Fig. 1. The upper left-hand panel
contains an example point pattern in which the linear density of
points is greatest along an azimuth of 45◦ and is lowest along an
(orthogonal) azimuth of 135◦; specifically, the density of points be-
tween these two orientations differs by a factor of 20, producing
strong linear features. The point pattern also rapidly changes from
regions of high intensity to regions of low intensity, which is char-
acteristic of clustering. We refer to point patterns like these that
exhibit both strong geometric anisotropy and strong spatial clus-
tering as being localized. In contrast, we describe point patterns
lacking geometric anisotropy and clustering as being distributed.
Seismicity that is distributed could perhaps even be viewed as a
Poisson process if one was to assume a total lack of clustering.

In addition to these cases, we have two other geometric possibil-
ities to consider. A point pattern with strong clustering but lacking
azimuthal variation in the intensity is shown in the upper right-hand
panel of Fig. 1. This example has several clusters with varying inten-
sity. However, given an arbitrary point in this pattern, the likelihood
of having a second point depends only on the spatial separation and
not the azimuthal difference. Thus, this pattern is isotropic but ex-
hibits strong spatial clustering, and we describe seismicity under this
scenario as being clumped. One might be inclined to assume that
strong geometric anisotropy would automatically result in strong
clustering, however these quantities are in fact independent. For ex-
ample, consider a rectangular lattice of points with spacing shorter
in one direction than the other; a rectangular lattice, however, is a
rather extreme example. The lower left-hand panel of Fig. 1 contains
a point pattern with the same geometric anisotropy as the pattern in
the upper left-hand side, yet has considerably weaker clustering as
compared with an equivalent Poisson process. We refer to seismicity
with these characteristics as banded.

In the following section we provide quantitative definitions for
the geometrical properties of seismicity and show that the four
aforementioned cases can be formally described by two independent
parameters.

2.2 Log-Gaussian Cox processes

The statistical moment-based descriptions of point patterns are use-
ful for describing the geometry of seismicity over a range of dis-
tances and orientations, however interpreting the results is gener-
ally qualitative and therefore mainly of use for exploratory analysis.
Once the primary features of the observed point patterns are recog-
nized, it is common to quantitatively interrogate the data using point
process models, in which the parameters and assumptions are made
explicit. One of the most common types of cluster process models is
the Cox process. These are doubly stochastic point process models
in which the intensity field λ(u) is itself a non-negative random field,
specified by another random field Z = {Z (u) : u ∈ R

D}:

λ(u) = ρZ (u), ρ ∈ R
+. (3)
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Figure 1. Examples of end-member point patterns for different combinations of clustering and anisotropy. Each point pattern is simulated from a Log–Gaussian
Cox Process (see Section 2.2 for details).

Then, X ⊂ R
2 conditioned on Z is a Poisson process with intensity

λ(u). Cox processes have a long history in statistical seismology
(e.g. Vere-Jones 1970). The type of the Cox process is determined
by the properties of the random field Z. In this work, we focus
on the Log–Gaussian Cox process (LGCP; Møller et al. 1998),
which is a type of Cox process commonly used in spatial statistics.
For the LGCP, log(Z) is a Gaussian random field, that is log(Z) ∼
GP[μ(u), k(u, ·)], where k is a covariance function (a kernel) and μ

is the (possibly spatially variable) mean of the random field. Bayliss
et al. (2020) recently used isotropic LGCPs to model the spatial
patterns of seismicity for the purpose of earthquake forecasting.
LGCPs can also be used to generate spatially anisotropic point
processes through the use of an anisotropic kernel. When viewed
as a forward model, the properties of λ(u) and therefore X can be
modified through the choice of k and its associated parameters.
Alternatively, by fitting a LGCP model to an observed point pattern
x, the parameter values provide a quantitative description of the
geometry of x; in essence, the problem statement can be thought of

as fitting a random field to the data. Here, we use a power exponential
kernel function to model seismicity. For an isotropic kernel, this
corresponds to,

k(u) = k0(u) = σ 2exp

(
−

(‖u‖
κ

)α)
, (4)

where κ is the length scale of the random field and σ controls
the variance of log Z, the latter of which effectively measures how
strong the spatial clustering is. Since Z is a non-negative field, very
low values of log (Z) result in areas with few points, whereas large
values of log (Z) result in areas with many points. This asymmetry
about the mean of Z due to exponentiation creates the appearance of
clustering. For an LGCP with isotropic random fields, there are three
parameters: ρ, σ , κ . Anisotropic LGCPs have anisotropic random
fields (Møller & Toftaker 2014; Nasirzadeh et al. 2021). Following
Møller & Toftaker (2014), we will consider fields in which the
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covariance function is elliptical,

k(u) = k0(
√

u�−1ut ), u ∈ R
2, (5)

where � is a positive definite matrix defined by,

� = κ2Uθ diag(1, ζ 2)U t
θ , κ > 0, 0 < ζ ≤ 1 (6)

and Uθ is a rotation matrix. The elliptical covariance function k(u),
for fixed ‖u‖, sweeps out an ellipse with semi-major axis κ aligned
with angle θ , and semi-minor axis ζκ (Møller & Toftaker 2014).
When ζ = 1, the isotropic covariance function is recovered. The
elliptical LGCP has two additional parameters besides the three of
the isotropic LGCP: ρ, σ , κ , θ , ζ .

We can obtain some insights into the behaviour of these pa-
rameters by revisiting the point patterns in Fig. 1. For all of these
examples, κ = 0.5, which is half the length of the side of the region.
In the left-hand column, θ = 135◦ and ζ = 0.05, while in the right-
hand column ζ = 1.0 and thus is isotropic. From these figures it is
clear why ζ is referred to as the anisotropy ratio, since it controls
the density of points along the azimuth θ − π /2. The effect of σ can
be seen between the upper and lower row, in which σ = 3.0 and σ =
1.0, respectively. These examples demonstrate that σ controls how
quickly the point process transitions from high intensity regions
to low intensity regions (the degree of clustering). The anisotropic
LGCP is therefore well-suited for describing a wide range of geo-
metrical properties and can describe each of the scenarios in Fig. 1
with just two parameters (that describe the variance of the random
random fields and degree of anisotropy).

We can also examine the theoretical APCF, g(u, v) = g(r, ϕ)
for each of these patterns (Fig. 2). These diagrams are polar plots
with radius r equal to the separation distance between events, along
a vector oriented with azimuth ϕ. For the two cases with strong
anisotropy, the APCF is concentrated with large values along the
azimuth ϕ = θ = 135◦; the amplitude of g however is much larger
for the case with strong clustering. For the remaining two cases,
which are isotropic, g(r, ϕ) = g(r) differs primarily in the absolute
amplitude of the functions due to the differences in clustering (σ ).

3 M E T H O D S

We use techniques from spatial point process theory to characterize
geometrical properties of seismicity in California. Our approach
is based on two main principles: (i) a non-parametric exploratory
analysis of the seismicity to identify first-order properties and a
suitable point process model and (ii) modelling of the seismicity
to obtain interpretable quantitative descriptions of the geometric
properties. These strategies provide complementary insights into the
geometry of seismicity and facilitate comparisons between regions.

3.1 Data

We use two seismicity catalogues for California in this study: the
updated version of the Hauksson et al. (2012) waveform relocated
catalogue for southern California, and the updated version of the
Waldhauser & Schaff (2008) relocated catalogue for northern Cal-
ifornia. Specific focus areas are shown in Figs 3 and 4; we provide
more detailed justifications for these focus areas in the subsequent
section.

3.2 Empirical anisotropic pair correlation functions

Throughout this work we assume that the process X is a cluster
process with stationary intensity λ = E(N (A))/|A| for A ⊂ R

D .
Note that this does not preclude the possibility of a spatially variable
intensity field, if the observations are treated as a single realization
of a stationary process. A common way to estimate g is with the use
of kernels (Illian et al. 2008; Baddeley et al. 2015). For anisotropic
point patterns x ⊂ R

2, g is fully specified by the radial separation
distance between two points, r, and the azimuth (direction) of the
line connecting them, ϕ. A non-parametric estimator of the pair
correlation function under such circumstances is (Stoyan & Stoyan
1994),

ĝ(r, ϕ) = 1

2

∑
u,v∈x : u �=v

K (u − v, (r, ϕ)) + K (u − v, (r, ϕ + π ))

λ̂2|A ∩ Au−v|
, (7)

where |A ∩ Au − v| is an edge correction factor and K is defined by,

K (u − v, (r, ϕ)) = 1

r
khr (‖u − v‖ − r ) · khϕ

(α(u − v) − ϕ). (8)

Here, α(u − v) is the angle between u and v, and kh(·) is a kernel
function with bandwidth h. As ĝ(r, ϕ) is closely related to the spatial
density of pairs of points at various separation distances and angles,
it is a useful tool for exploratory data analysis. For seismicity, this
almost always will describe the relative strength of spatial clustering.
One of the particular strengths of ĝ(r, ϕ) is its ability to describe the
orientation of clustering at different length scales, which appears
to exist in natural seismicity based on visual inspection of high-
resolution hypocentre catalogues. We prefer to work with ĝ(r, ϕ),
rather than a cumulative variant such as directional K functions,
because it would allow for such geometric complexity to be more
easily identified.

From the two seismicity catalogues in the aggregate, we iden-
tified 32 subregions for detailed analysis that are oriented around
major segments of California’s plate boundary faults. These 32 re-
gions are shown in Figs 3 and 4 and correspond to the regions in
Table 1. We selected the regions based on several different criteria.
Whenever possible we relied on established fault zone ‘segments’
as used in the literature. We also looked for natural breaks in the
seismicity. For seismicity regions that are dominated by aftershocks
of large earthquakes, we aimed to contain the entire aftershock
zone within the box. We acknowledge that these choices are subjec-
tive, however once defined, our statistical metrics would describe
properties the region as it exists (within the catalogue). As a gen-
eral strategy we chose to draw the boxes to contain relatively little
empty space; expanding the amount of empty space would affect the
APCF diagrams mainly by a single scalar factor since the number
of points/pairs would remain essentially the same, but the size of
the window would change. We emphasize that any future users of
this methodology would be free to choose spatial windows as they
please, but with the understanding that the results will be for those
specific windows; they will not be representative of other windows
in general.

We do not necessarily expect the results to be stationary in time.
Our motivation for this work was to describe the seismicity that has
already occurred in an average sense. We aimed to provide a quanti-
tative framework for characterizing the geometrical properties that
are often seen in the seismicity by eye.

For each region, we evaluate ĝ(r, ϕ) over a rectangular grid in r,
ϕ coordinates, with r ∈ [0.0, 5.0] km and ϕ ∈ [0, π ]◦. The choice of
this interval for r is primarily due to our interest in characterizing
geometrical properties at the scale of a few kilometres or less;
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Figure 2. Anisotropic pair correlation functions corresponding to the point processes shown in Fig. 1.

Figure 3. Map of Northern California seismicity and focus regions. Num-
bers for each region correspond to those in Table 1. Colours of boxes are for
enhanced visibility.

Figure 4. Map of Southern California seismicity and focus regions. Num-
bers for each region correspond to those in Table 1. Colours of boxes are for
enhanced visibility.
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Table 1. Geometrical properties of the different regions.

Region Number κ σ ϕ ζ α Clustering Anisotropy Orthogonal faulting? Seismicity category

Bartlett Springs 1 5 2.3 105 0.26 0.4 Weak Strong No Banded
Brawley 2 3.6 2.1 125 0.51 0.3 Weak Weak Yes Distributed
Calaveras 3 3.4 2.5 100 0.09 0.3 Strong Strong No Localized
Coso Geothermal 4 0.4 2.3 25 0.79 0.3 Weak Weak No Distributed
Elsinore (northwest) 5 0.7 2.5 80 0.84 0.4 Strong Weak Yes Clumped
Elsinore (southeast) 6 0.2 3.0 55 0.84 0.2 Strong Weak Yes Clumped
The Geysers 7 0.2 3.2 75 0.65 0.1 Strong Weak No Clumped
Green Valley 8 4.2 2.5 120 0.42 0.3 Strong Strong Yes Localized
Hayward 9 4.8 2.3 95 0.13 0.4 Weak Strong No Banded
Hector Mine 10 4.9 2.3 135 0.38 0.3 Weak Strong No Banded
Imperial 11 0.2 3.3 110 0.09 0.1 Strong Strong No Localized
Landers 12 3.9 2.6 135 0.30 0.2 Strong Strong No Localized
Long Valley Caldera 13 4.5 2.3 45 0.55 0.3 Weak Weak No Distributed
Maacama 14 0.5 2.6 105 0.42 0.2 Strong Strong Yes Localized
Ridgecrest 15 4.2 2.2 115 0.42 0.2 Weak Strong Yes Banded
Rodgers Creek 16 1.3 2.4 105 0.30 0.3 Weak Strong No Banded
San Andreas (Mojave) 17 0.4 3.0 70 0.51 0.2 Strong Weak No Clumped
San Andreas (Creeping) 18 3.0 2.7 85 0.05 0.2 Strong Strong No Localized
San Andreas (Loma Prieta) 19 3.8 2.3 70 0.30 0.4 Weak Strong No Banded
San Andreas (Parkfield) 20 0.1 3.8 90 0.05 0.1 Strong Strong No Localized
San Andreas (San Francisco) 21 5.0 2.4 100 0.30 0.3 Weak Strong No Banded
San Andreas (San Gorgonio Pass) 22 3.9 1.7 50 0.71 0.4 Weak Weak No Distributed
San Andreas (San Juan Bautista) 23 4.8 2.5 80 0.05 0.3 Strong Strong No Localized
Salton Sea Geothermal 24 3.8 2.0 10 0.51 0.5 Weak Weak No Distributed
San Jacinto (Borrego) 25 1.5 2.0 75 0.34 0.3 Weak Strong No Banded
San Jacinto (Claremont) 26 4.2 1.9 90 0.34 0.2 Weak Strong No Banded
San Jacinto (Hot Springs) 27 4.4 1.9 90 0.26 0.3 Weak Strong No Banded
San Jacinto (Superstition Hills) 28 2.1 2.0 90 0.42 0.3 Weak Strong Yes Banded
San Jacinto (Trifurcation) 29 0.8 2.1 70 0.84 0.2 Weak Weak Maybe Distributed
San Andreas (Mecca Hills) 30 1.3 2.6 95 0.22 0.3 Strong Strong No Localized
San Andreas (Palm Springs) 31 1.8 2.1 80 0.67 0.4 Weak Weak No Distributed
Yuha Desert 32 1.6 2.0 70 0.63 0.2 Weak Weak Yes Distributed

nothing prevents the analysis from computing r for larger values.
We use an Epanechnikov kernel function for both r and ϕ, with
bandwidths of hr = 0.25 km and hϕ = 5◦; these were chosen mainly
based on visual inspection of the results.

3.3 Log–Gaussian Cox process modelling of seismicity

There are several different strategies commonly used for fitting
LGCP models to observations, including minimum contrast estima-
tion, likelihood inference and Bayesian inference. In this study, we
use the minimum contrast estimation technique (Møller et al. 1998;
Møller & Waagepetersen 2003), which is essentially the method of
moments applied to point process models. Minimum contrast esti-
mation exploits the fact that the theoretical pair correlation function
for the isotropic LGCP is known in closed form (Møller et al.
1998),

g(r ) = exp (k(r )). (9)

Then, an optimization problem can be solved to minimize the dif-
ference between g and ĝ,

arg minκ,σ

∫ rmax

rmin

(g(r ) − ĝ(r ))2dr. (10)

This approach is suitable, as is, for isotropic LGCP models. Møller
& Toftaker (2014) introduce a minimum contrast estimation scheme
for Anisotropic LGCPs, which requires a few additional steps in
order to solve for ϕ and ζ (in addition to the isotropic LGCP param-
eters). The main idea of this approach is that the class of anisotropic

LGCPs described by eqs (5) and (6) can be transformed into an
isotropic LGCP by providing ϕ and ζ . Here, we provide a basic
overview of the steps involved but refer the interested reader to
Møller & Toftaker (2014), which provides an exhaustive treatment
of the approach. First, the empirical APCF, ĝ(r, ϕ) is determined for
a given dataset with eq. (7). Next, ϕ is estimated from ĝ(r, ϕ) under
the assumption of geometric anisotropy (eqs 5 and 6) by searching
for the value of ϕ for which �ĝ(·, ϕ) = ĝ(·, ϕ) − ĝ(·, ϕ + π/2) is
maximized. Once ϕ is obtained, we use eq. (6) to transform ĝ for
a range of ζ values, and solve eq. (10) for each. The value of ζ

that minimizes eq. (10) is the minimum contrast estimate because
it ‘best’ transforms ĝ into an isotropic function.

The results of this analysis are also dependent on the choice of
windows and are taken to be representative of only these windows.
However, they will be insensitive to relatively small changes in the
windows.

4 R E S U LT S

4.1 Summary

The APCF diagrams for the 32 regions are shown in Fig. 5. Many ex-
hibit strong azimuthal directionality that is indicative of geometric
anisotropy, whereas others have behaviour that is relatively inde-
pendent of azimuth. The wide range of seismicity characteristics
seen in these diagrams shows that the anisotropic theory is indeed
more suitable than the isotropic theory; applying isotropic methods
to anisotropic data can result in artificial clustering (as seen in the
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Figure 5. Anisotropic pair correlation functions for all focus regions. Polar plot radius spans 0–5 km. Larger (warmer) values indicate stronger clustering
along a given azimuth and radius relative to a Poisson process. Colour scale is the same for all plots to emphasize regional differences.

PCF values). This effect is similar to the spurious clustering that
can appear in a PCF or K-function when a stationary estimator
is applied to non-stationary data. The diversity further motivates
studying these regions separately rather than by global averaging,
assuming that the geometrical properties are the same everywhere.

A summary of all LGCP fitting results is given in Table 1. We
computed standard errors of the parameters using a resampling tech-
nique and found all of them to be significant, which is expected since
there are thousands of events used for each region. The values of ζ

cover nearly the whole allowable range, with the smallest being 0.05
and the largest being 0.84. The mean value of ζ is 0.41, indicating
that the average fault zone is quite far from geometric isotropy. This
translates into, for the average region, the ‘fault parallel’ density
of epicentres being nearly 2.5 times lower than the ‘fault normal’
density of epicentres, assuming fault parallel is defined by ϕ; for

many of the regions studied here, this may be a reasonable assump-
tion for the average behaviour. It is worth noting that the maximum
for any region is still weakly anisotropic and thus no region has the
characteristics of geometric isotropy; this further validates the use
of the anisotropic point process theory in this paper. The values of
α are all very low and lie between 0.1 and 0.5 and show that the
APCFs exhibit roughly power law behaviour within a limited dis-
tance range, κ . Given these values, an exponential covariance model
(α = 1) would not have been an appropriate choice. The anisotropy
angles, ϕ, are overwhelmingly aligned with a NW–SE trend that is
consistent with the plate boundary.

Next, we examine the regions with the most extreme values of σ .
The region with the strongest clustering is the San Andreas Parkfield
segment, having σ = 3.8. In this area, the seismicity is concentrated
almost entirely along the San Andreas itself in the form of a single
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Figure 5. Continued

dominant linear feature. This results in a substantially larger σ than
even the region having the second largest σ , the Imperial fault. By
contrast, the region with the weakest clustering is the San Gorgonio
Pass section of the San Andreas system, having σ = 1.7. This
region is clearly a zone of distributed seismicity and contains many
faults with a range of sizes, including two major strands of the
San Andreas (Banning and Mission Creek). While σ = 1.7 may
be somewhat biased downward because of the dip associated with
these faults, our synthetic tests (see next section) suggest that even
after accounting for this, the seismicity is still likely to be weakly
clustered.

There are three regions sharing ζ = 0.05, which is the lowest
value observed and makes them the most anisotropic. All three are
segments of the San Andreas fault in northern California: the fast-
creeping section, the Parkfield section, and the section near San Juan

Bautista. A value of ζ = 0.05 means that the density of epicentres
in the fault parallel direction, ϕ, is roughly 20 times lower than in
the fault normal direction, ϕ + π /2. While there are other regions
with very strong anisotropy, generally they are not as straight as
these San Andreas segments are, which is quantified by ζ . The one
exception to this is perhaps the Imperial fault region, which has very
straight seismicity on it but is close to another seismicity structure
at a slightly different angle, yielding a modestly larger ζ = 0.09.

We can also examine the regions showing the weakest geometric
anisotropy. Three regions have ζ = 0.84: the SJFZ trifurcation area,
and the two Elsinore fault zone segments. The trifurcation area of
the central SJFZ is a structurally complex region where the main
Clark fault splits into three sub-parallel strands embedded within
broad damage zones (Ross et al. 2017a). However, many of the other
SJFZ regions are also structurally complex and yet all others have
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0.26 ≤ ζ ≤ 0.42, making the trifurcation area unusual even within
the SJFZ. The two Elsinore regions have overall similar seismicity
characteristics with weak geometric anisotropy that aligns with the
southeast. These fault zone sections are also structurally complex.

4.2 Regional classification of geometrical properties

In this section, we develop a classification scheme for geometrical
properties of seismicity based on ζ and σ . We start with the reminder
that ζ ∈ [0, 1], and therefore the natural boundedness of this quantity
makes ζ = 0.5 an obvious choice as a binary threshold for strong and
weak geometric anisotropy. This choice can further be examined by
considering the median value over all regions, which is ζ = 0.41.
Given that the median is fairly close to ζ = 0.5, this seems like a
reasonable choice, at least considering the regions examined in this
work. It also translates geometrically into seismicity that is a factor
of two less dense along the ϕ direction than the ϕ + π /2 direction,
which is not particularly strong. We therefore define the categories
of strong and weak geometric anisotropy as regions having ζ ≤ 0.5
and ζ > 0.5, respectively.

Next, we consider σ as an indicator of the degree of cluster-
ing. Since σ is defined on a logarithmic scale, varying it by small
amounts results in large changes in the degree of clustering. The
median σ over all regions is 2.42, with a range of [1.7, 3.8]. Given
the absence of prior knowledge about σ , as compared with ζ , and
that σ was computed in increments of 0.1, we define the categories
of strong and weak clustering as regions having σ ≥ 2.5 and σ < 2.5,
respectively. Using these definitions, each of the regions has been
classified with regards to the degree of clustering and anisotropy,
with the corresponding labels shown in Table 1.

The developed binary classification scheme allows us to describe
four pairwise combinations of clustering and anisotropy, as shown
in Fig. 1. When the seismicity has both strong geometric anisotropy
and strong clustering, we define the seismicity as localized. In con-
trast, when both quantities are weak, we define the seismicity as
distributed. Seismicity that is strongly anisotropic but weakly clus-
tered we define as banded, while seismicity that is isotropic and
clustered is referred to as clumped. In total, 9 of the 32 regions
(28.1 per cent) exhibit localized seismicity. These include most of
the San Andreas fault segments along with the Calaveras, Maacama,
Imperial and Green Valley fault zones. We also find that 8 of the
regions (25 per cent) are classified as having distributed seismicity
according to our definition: Brawley seismic zone, Coso, Long Val-
ley Caldera, San Gorgonio Pass, the western part of the South San
Andreas fault, SJFZ Trifurcation area and the Yuha Desert region
southeast of the Elsinore fault terminus. Of the mixed regions, 11
are classified as having banded seismicity; these include all of the
San Jacinto fault zone regions except for the trifurcation area, the
San Francisco and Loma Prieta sections of the San Andreas, Ridge-
crest and Hector Mine, and Hayward fault, and Bartlett Springs
fault zone.

4.3 Regions exhibiting orthogonal seismicity structures

Continental seismicity in well-recorded areas has often been seen
to exhibit orthogonal structures (Thatcher & Hill 1991; Fukuyama
2015; Ross et al. 2017a, b, 2019). Such structures have tradition-
ally been detected visually by searching for seismicity lineations;
however, this approach involves a fair amount of subjectivity. Alter-
natively, we can use the APCF diagrams to quantitatively describe
whether or not orthogonal faulting is present, its prominence within

a given region, and the scales at which it exists. Very simply, az-
imuthal peaks in the APCF at a fixed radius indicate stronger clus-
tering along that azimuth and separation distance, so it is straight-
forward to look at each region and identify these characteristics (see
Table 1).

Of the 32 regions in Figs 3 and 4, we identify 8 regions that exhibit
clear evidence of orthogonal seismicity along with a few others
that have high angle seismicity relative to the dominant direction
(but not quite orthogonal). These eight regions are: Maacama fault
zone, Green Valley fault zone, both Elsinore regions, Yuha Desert,
Ridgecrest, Brawley seismic zone and SJFZ - Superstition Hills.
Of these, Brawley, Ridgecrest, Superstition Hills and the Elsinore
regions have orthogonal faulting over the full range of length scales
examined (0.1–5 km). The remainder of these regions only have
orthogonal faulting out to length scales of 1–2 km maximum, and
thus it is not present for larger scales. The APCF for the SJFZ
trifurcation area has some evidence of orthogonal faulting at length
scales less than 300–500 m only; for this reason we have labelled
this as ‘Maybe’ in Table 1.

4.4 Geometrical properties of Northern and Southern
California

There are clear differences in the geometrical properties of tectonic
seismicity between northern and southern California. Of the nine
localized seismicity regions we have identified, seven are in northern
California, while the remaining two, the Imperial fault and the
southernmost portion of the San Andreas fault, are in southern
California; most of the localized seismicity regions are therefore
within northern California. In contrast, seven of the eight distributed
seismicity regions are in southern California, with the only northern
California distributed region being the Long Valley Caldera, an
active volcanic system.

We can examine this further with APCF diagrams computed for
the entirety of each catalogue. Here we use events with M ≥ 2 and
compute the APCF over the distance range 0.1–100 km. We make
these comparisons using an identical procedure for both catalogues,
but note that the catalogues were not produced with the same pro-
cedures and thus there is potential for significant differences in the
location quality. The results (Fig. 6) indicate that as a whole, north-
ern California (80 634 events) has stronger clustering and stronger
anisotropy than southern California (132 031 events). The APCF
for Southern California has two additional orientations of cluster-
ing. Given the results of our previous sections, we know that the
seismicity is clearly non-stationary, and thus averaging everything
together is not the most appropriate; however

Our results are consistent with the observations of Powers & Jor-
dan (2010), who found that the width of damage zones, as inferred
by seismicity, was 60 m for northern California on average, and
220 m for southern California, although the length scale involved
in our observations is somewhat larger. Similar results were found
for southern California by Hauksson (2010). Sharp seismicity lin-
eations in California have been documented for some time now
(Rubin et al. 1999; Waldhauser et al. 1999; Schaff et al. 2002;
Shearer 2002), with the leading hypothesis being that they relate
to fault creep (Rubin et al. 1998, 1999). Our results are quantita-
tive and unassuming of any fault geometry, providing an additional
perspective on this feature of seismicity.
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Figure 6. APCF diagrams computed for the whole of both catalogues for a distance range of 0.1–100 km. Northern California exhibits stronger clustering and
stronger anisotropy than Southern California. The latter has two additional dominant orientations aside from the primary regional trend.

5 VA L I DAT I O N E X P E R I M E N T S

As this study works only with epicentres, it is important to un-
derstand the potential biases that could be introduced. The main
concern for this approach is from dipping faults, as projecting a
hypocentre to 2-D would lead to artificial spreading of the seismic-
ity in the fault-normal direction. The seismicity in the San Gorgonio
Pass region has a dip of roughly 50◦, which is about the lowest of
the 32 regions.

We use simulations to test whether the value of ζ could be en-
tirely explained by the dip. This is performed by generating 5000
uniformly distributed points over a 40 km × 10 km area, where
10 km was chosen because it is close to the depth extent of the
seismogenic zone in the San Gorgonio Pass. Then, the seismicity is
rotated to a dip of 50◦ and projected to the surface to produce epi-
centres (Fig. 7). On top of this projected seismicity, we add another
5000 random uniform epicentres to stabilize the APCF. Then we fit
the LGCP model as before, giving ζ = 0.37. This value is much
lower than the observed value of ζ = 0.71 for the San Gorgonio
Pass, suggesting that the weak anisotropy in the area is probably not
entirely due to the dip of the fault.

It should be noted that a collection of many parallel dipping
faults could produce a value of ζ that is close to isotropic, which is
indeed the case for the San Gorgonio Pass (Schulte-Pelkum et al.
2020); however, then by our definition the seismicity would not be
localized onto a single structure and the conclusions still hold.

6 D I S C U S S I O N A N D C O N C LU S I O N S

The formulation and analysis performed in this paper indicate that
anisotropic point process theory is suitable for quantifying impor-
tant geometrical properties of seismicity without imposing major
assumptions on fault geometry. This study has focused on epicen-
tral geometry for simplicity, although earthquake locations are dis-
tributed in a 3-D volume. The developed LGCP methodology could

be extended to 3-D by including another angle and anisotropy ratio,
and the APCF is readily computable in 3-D. Such analyses would
also require additional care to account for the likely non-uniform
location errors.

This study has focused on developing a simple four class descrip-
tion of seismicity patterns that is motivated by empirical observa-
tions. These classes are only a subset of those possible and exclude,
for example, spatially regular point patterns. Nevertheless, our four
class categorization seems appropriate for the 32 seismicity regions
studied in California, and each class has implications on the me-
chanical processes producing the observed earthquake distribution.
Seismicity that is strongly clustered around a tabular fault section is
also highly anisotropic and is referred to as localized. This type of
seismicity most clearly characterizes fault sections that are recog-
nized as at least partially creeping. In contrast, seismic activity with
less spatial clustering and without a preferred dominant direction
is referred to as distributed. This geometrical type characterizes
both relatively hot fluid-rich geothermal and volcanic areas, and
regions with strong geometrical fault heterogeneities that lead to
brittle deformation in crustal volumes. Areas with large dominant
non-creeping faults surrounded by volumes sustaining brittle defor-
mation are associated with a set of localized anisotropic seismicity
referred to jointly as banded. Finally, regions with clustered seismic-
ity that lack elongation along any preferred orientation are referred
to as clumped. This class has the fewest member regions and in-
cludes one prominent geothermal area (Geysers) and three fault
sections in southern California. It should be noted that these classes
are appropriate only for epicentres, as including a third dimension
would make the classification more complicated.

The mixed regions are also of interest as they deviate from the
two strong end-members. In particular, the two segments along the
Elsinore fault zone both have strong clustering and weak anisotropy.
This requires the presence of many dense spatial clusters that are
very compact and lack a dominant trend. The dense clusters within
and adjacent to the Elsinore fault zone were analysed in a recent
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Figure 7. Testing for the effect of fault dip. Here we generate synthetic seismicity from a fault dipping 50◦ to the east and compute the APCF. The best fitting
LGCP has ζ = 0.37, which is still much lower than the ζ = 0.71 seen for the San Gorgonio pass. This test result suggests dip alone is not likely to produce the
high value of ζ .

study that found they commonly produce earthquake swarms lasting
months to years and exhibit very slow diffusive migration behaviour
(Ross & Cochran 2021). It was suggested that the observations are
manifestations of natural fluid injection transients at depth. It is
interesting that these geometrical properties are picked up by our
method, and that these regions represent 2 out of just 4 that have
these characteristics. It is also interesting that the seismicity in
southern California is overall more complex and more diverse than
that of central and northern California. This may be produced by the
mixture of shear and extensional deformation owing to the opening
in the gulf of California, and an overall eastward migration of the
main plate boundary.

At least ten regions in California include lines of seismic-
ity that are orthogonal, or at a very high angle to each other
over various scales. The Brawley, Ridgecrest, Superstition Hills
and Elsinore regions have orthogonal faulting over a wide range
of length scales. While the APCF approach provides a quan-
titative framework for interrogating the geometrical properties
of seismicity, identification of orthogonal structures from it still
requires some visual (subjective) analysis. It may be possi-
ble to develop an LGCP model with a covariance function
that captures such orthogonal behaviour, and therefore lessening
this subjectivity; however, this would require additional future
work.

By analysing more than 30 seismicity regions in California, we
have been able to produce not only a simple classification scheme
for geometrical properties, but also the relevant context for future
analyses by providing a point of comparison. As summarized in
Table 1, the classes are not evenly occurring throughout Califor-
nia, which may highlight certain types of physical processes and
properties over others. With these results as a foundation, they
can be compared with other seismicity regions to potentially iden-
tify meaningful regional variations in earthquake physics. Further-
more, we have introduced a new type of observable derived from

seismicity that may be compared against simulated seismicity from
dynamic rupture models.
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