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Power-law scaling relationships concerning the earthquake frequency-magnitude dis-

tribution and the fractal geometry of spatial seismicity patterns may provide appli-

cations to earthquake forecasting and earthquake hazard studies. Past studies on

the fractal characteristics of seismic phenomena have observed spatial and temporal

differences in earthquake clustering and b value in relation to fractal dimension value.

In this thesis, an investigation of the spatiotemporal seismicity patterns in southern

California for the years 1982 to 2020 was conducted. The range and temporospatial

distribution of b and D2 values for earthquake hypocenters contained in the Southern

California Earthquake Data Center catalogue were calculated and shown in time series

and spatial distribution maps. b values were calculated using both the Least Squares

Method and the Maximum Likelihood Method while D2 values were calculated for

length scales between 1 km to 10 km. A set of b and D2 values were calculated after

declustering for foreshocks and aftershocks using Gardner and Knopoff’s declustering

algorithm. b values decreased while D2 values increased on the dates of M > 6.0

earthquakes, whereas b values increased and D2 values decreased on the dates after

M > 6.0 earthquakes. Declustering results suggest an influence of earthquake after-

shocks to increase D2 values while decreasing b values. The role for b values and D2

values to delineate both the temporal and spatial extent of aftershock sequences for

large earthquakes may prove to have an application in earthquake hazard studies.
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Introduction

The understanding and application of fractals, subsets describing self-similar shapes,

have been explored and expanded upon to address observations of fractal patterns in

a wide variety of physical systems, including seismogenic zones. In seismology, numer-

ous fractal-related seismic studies have been conducted for various geologic settings

using D2 (correlation dimension) values calculated with respect to a set of earthquake

source parameters obtained from regional earthquake catalogues (Öncel et al., 1996;

Godano and Caruso, 1995; Tosi, 1998; Telesca et al., 2001; Oncel and Wilson, 2002;

Öncel and Wilson, 2004; Wyss et al., 2004; Mandal and Rastogi, 2005; Chen et al.,

2006; Roy and Nath, 2007; Tosi et al., 2008; Molchan and Kronrod, 2009; Roy et al.,

2010; Öztürk et al., 2012; Han et al., 2015; Mondal et al., 2019; Radziminovich et

al., 2019; Mandal et al., 2021; Tiwari et al., 2021). Earthquake source parameters in-

clude time of rupture, hypocenter, seismic moment, magnitude, and focal mechanism

(fault type and orientation) (Roch et al., 2016; Nordström et al., 2017). Past studies

have applied different notions of fractal dimension to different aspects of the seismic

process, such as fault traces (Okubo and Aki, 1987; Aviles et al., 1987; Bonnet et

al., 2001), rock fracturing (Hirata et al., 1987; Feng and Seto, 1999), and earthquake

locations (Öncel et al., 1996; Tosi, 1998; Telesca et al., 2001; Oncel and Wilson, 2002;

Wyss et al., 2004; Mandal and Rastogi, 2005; Chen et al., 2006; Roy and Nath, 2007;

Tosi et al., 2008; Molchan and Kronrod, 2009; Roy et al., 2011; Öztürk, 2012; Han et

al., 2015; Mondal et al., 2019; Radziminovich et al., 2019; Mandal et al., 2021; Tiwari

et al., 2021).

Multiple trends in D2 values have been reported and related to changes in seismic-

ity. Wyss et al. (2004) showed a difference in D2 values for locations along the 30

km to 50 km Parkfield section of the San Andreas Fault Zone, in which D2 values

varied between 0.96 to 1.14 for the locked section and 1.45 to 1.72 for the creeping

section. Earlier studies assumed their data sets to be monofractal, that is, having a

uniform distribution of D2 values for their study regions. However, the results from
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Wyss et al. (2004) suggested that earthquake locations were multifractal as opposed

to monofractal. A multifractal set is a set that is the mathematical union of two or

more fractal sets. Indeed, Radziminovich et al. (2019) and Chen et al. (2006) spa-

tially mapped D2 values for the Baikal Rift System from 2003 to 2014 and for the six

month time window following the Mw (moment magnitude) 7.6 Chi-Chi earthquake

of 1999, respectively. Their results demonstrated a spatially non-uniform distribu-

tion of D2 values for each of their study regions, supporting a multifractal model for

earthquake locations.

Hirata et al. (1987) conducted a microfracture experiment on a sample of Os-

hima granite and computed the D2 values corresponding to the spatial distribution

of the hypocenters of acoustic emissions, seismic waves generated by microfractur-

ing, for three non-overlapping intervals in time prior to rock failure. The sequence

of D2 values 2.75, 2.66, and 2.25 in the study of Hirata et al. (1987) demonstrated

a decrease in D2 values prior to rock failure. In addition, several studies have re-

ported a decrease in D2 values prior to large earthquakes; these examples include the

1999 Mw 7.6 Izmit earthquake (Roy and Nath, 2007), the 2002 Mw 7.9 Denali Fault

earthquake (Roy and Nath, 2007), the 2002 Mw 7.4 Sumatra earthquake (Roy and

Nath, 2007), the 2003 Mw 7.2 Fiordland earthquake (Mondal et al., 2019), the 2004

Mw 9.1 Sumatra earthquake (Roy and Nath, 2007), and the 2009 Mw 7.8 Fiordland

earthquake (Mondal et al., 2019). Hence, a temporal decrease in D2 value may serve

as an earthquake precursor.

An earthquake precursor refers to any physical phenomena that were reported

prior to an earthquake (Cicerone et al., 2009). Examples of earthquake precur-

sors include induced electric and magnetic field changes, groundwater level changes,

anomalous gas emissions, temperature changes, unusual surface deformations, and

anomalous seismicity patterns (Cicerone et al., 2009). In addition, the b value of
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the Gutenberg-Richter law, that is, the absolute value of the slope of the cumulative

frequency-magnitude distribution of earthquake magnitudes is an earthquake precur-

sor of utmost interest due to previous attempts in relating the b value to various

notions of fractal dimension (Aki, 1981; Hirata, 1989; Öncel et al., 1996; Turcotte,

1997; Legrand, 2002; Oncel and Wilson, 2002; Öncel and Wilson, 2004; Wyss et al.,

2004; Mandal and Rastogi, 2005; Chen et al., 2006, Roy et al., 2011; Öztürk, 2012;

Han et al., 2015; Mandal et al., 2021).

The purpose of this thesis was to identify, if any, patterns in the temporospatial

evolution of b and D2 values in southern California from 1982 to 2020 and attempt to

correlate any such changes to changes in seismicity. In particular, precursory patterns

in b and D2 values prior to large earthquakes were desired. In this thesis, I observed

no precursory patterns in b and D2 values prior to large earthquakes. Instead, I

observed

(1) a decrease in D2 values following declustering of aftershocks,

(2) a decrease in b values and an increase in D2 values on the months and years

of M > 6.0 earthquakes,

(3) an increase in b values and a decrease in D2 values on the months and years

after M > 6.0 earthquakes

(4) relatively low b values and high D2 values about the epicenters of M > 6.0

earthquakes,

which suggest a relationship between b values, D2 values, and aftershocks of M > 6.0

earthquakes.
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Background

Mathematics

From Falconer (2014), a fractal is a set F that fulfills at least one of the following

properties:

(1) F has detail on arbitrarily fine length scales.

(2) F is too irregular to be described in traditional geometrical language.

(3) F exhibits self-similarity.

(4) One can calculate two values for F : a “topological dimension” and a “frac-

tal dimension,” where the fractal dimension is greater than the topological

dimension.

Qualitative observations, such as the rough appearances of fault traces over many

length scales (Aviles et al., 1987; Okubo and Aki, 1987) and the self-similar geometry

of fault traces (King, 1983; Robertson et al., 1995; Saleur et al., 1996; Bonnet et al.,

2001), suggest that faults and other fracture systems are fractal. Since earthquakes

occur on faults, the spatial distribution of earthquakes should be fractal, too. Indeed,

it has been shown by empirical evidence that both the epicenters and hypocenters of

earthquakes fit fractal models under a range of length scales (Öncel et al., 1996; Tosi,

1998; Telesca et al., 2001; Wyss et al., 2004; Mandal and Rastogi, 2005; Roy and

Nath, 2007; Tosi et al., 2008; Molchan and Kronrod, 2009; Han et al., 2015; Mondal

et al., 2019; Radziminovich et al., 2019; Tiwari et al., 2021).

There exists a spectrum of different notions of fractal dimension, and, for each

definition, one can calculate an approximation of the fractal dimension value for that

definition (Grassberger, 1983). Typically, seismic studies use D0 (capacity dimension)

(Aviles et al., 1987; Okubo and Aki, 1987; Bonnet et al., 2001; Oncel and Wilson,

2002) or D2 (correlation dimension) (Öncel et al., 1996; Tosi, 1998; Bonnet et al.,

2001; Telesca et al., 2001; Oncel and Wilson, 2002; Öncel and Wilson, 2004; Wyss et
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al., 2004; Mandal and Rastogi, 2005; Chen et al., 2006; Kagan, 2007; Roy and Nath,

2007; Öztürk, 2012; Han et al., 2015; Mondal et al., 2019; Radziminovich et al., 2019;

Tiwari et al., 2021), which are of the spectrum of Dq (Renyi dimension of order q).

Here, for q ∈ {0} ∪ N, Dq is defined as

Dq =
1

1− q
lim
s→0

log
∑N(s)

i=1 P q
i

log(1/s)
,(1)

where N(s) is the number of non-empty squares in R2 or cubes in R3 of a partitioning

with length scale s of a set X, and Pi is the probability for a point in X to belong

in the ith square of that partitioning (Grassberger, 1983). When q = 0, Eq. (1)

becomes:

D0 = − lim
s→0

logN(s)

log s
,(2)

where N(s) may be interpreted as the minimum number of balls in R2 or spheres in

R3 of radius s needed to cover X (Grassberger, 1983). As a remark, there is nothing

special about using squares or balls as opposed to cubes or spheres. If a set is truly

fractal, then by definition it should exhibit self-similarity at both large and small

length scales, and calculations using scaled copies of squares or balls and cubes or

spheres will yield the same Dq values. Although, in practice there will be some inher-

ent uncertainty in the Dq values so Dq values may not necessarily be identical when

different length scales, areas, or volumes are used.

Let the Heaviside step function H(x) be defined as

H(x) =


0 x < 0

1/2 x = 0

1 x > 0.

(3)
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For a finite set X of points, we define the correlation integral C(s) as

C(s) = lim
n→∞

2

n(n− 1)

n∑
i=1

n∑
j=1

H(s− |xi − xj|)(4)

where xi and xj are points in X and n is the number of points in X (Grassberger

and Procaccia, 1983). For such a finite set, note that

Pi = lim
n→∞

1

n
ni,(5)

where ni is the number of points belonging to the ith square or cube of a partitioning

of X (Grassberger and Procaccia, 1983). It can be shown that

C(s) ≈ lim
n→∞

1

n2

N(s)∑
i=1

n2
i =

N(s)∑
i=1

P 2
i(6)

(Grassberger and Procaccia, 1983). Then,

D2 = lim
s→0

logC(s)

log s
(7)

(Grassberger and Procaccia, 1983). Physically, the double summation in Eq. (4)

counts the number of unique pairs of points contained in an open ball or sphere of

radius s, and D2 indicates how C(s) changes with respect to an increase in the accu-

racy of the chosen length scale s.

Additionally, there is a proposed relationship between D0 and the b value of the

Gutenberg-Richter law (Aki, 1981), and studies have shown correlations between the

fractal dimension and b value (Hirata, 1989; Öncel et al., 1996; Oncel and Wilson,

2002; Öncel and Wilson, 2004; Wyss et al., 2004; Mandal and Rastogi; 2005; Chen et

al., 2006, Roy et al., 2011; Öztürk, 2012; Han et al., 2015; Mandal et al., 2021). The

empirical Gutenberg-Richter law states that

log10N(M) = a− bM,(8)
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where N(M) is the number of earthquakes with magnitudes ≥ M , and a and b

are constants (Gutenberg and Richter, 1944). The scalar seismic moment M0 of an

earthquake is defined as

M0 = µAD̄,(9)

where µ is the shear modulus of the rock in which the rupture is embedded, A is the

area of the slip patch, and D̄ is the average slip (Aki, 1966). Similar to magnitude,

the scalar seismic moment is one of the many measures used to quantify the “size” of

an earthquake. Whereas the magnitude of an earthquake is based on the amplitude

of specific waves, the scalar seismic moment is based on the physical deformation

associated with the earthquake. However, it was empirically shown that

log10M0 ≈ cM + d,(10)

where c and d are constants (Kanamori and Anderson, 1975). According to Aki

(1981),

D0 ≈
3

c
b(11)

for faults, where c was empirically shown to be typically 1.5 (Hanks and Kanamori,

1979), although other values have been used or proposed (Legrand, 2002; Wyss et

al., 2004; Sianturi et al., 2019). Eq. (11) assumes the three following hypotheses

(Turcotte, 1997; Legrand, 2002):

(1) Eq. (8) holds,

(2) Eq. (10) holds, and

(3) M0 ≈ L3 or M0 ≈ A3/2, where L is the length of the rupture, and A is the

area of the rupture.



8

Although Eq. (11) describes a theoretical relationship that yields the D0 value for

faults, several studies have observed

D2 ≈
3

c
b,(12)

an empirical relationship that yields the D2 value for epicenters or hypocenters of

earthquakes and other seismic waves (Wyss et al., 2004; Chen et al., 2006; Öztürk,

2012).

Geology

The seismicity of southern California is a product of the continuous interaction be-

tween the Pacific Plate and the North American Plate, where the Pacific Plate moves

to the northwest relative to the North American Plate at a rate of ∼50 mm/yr, form-

ing a right-lateral transform boundary called the San Andreas Fault (Freed et al.,

2007). In truth, the San Andreas Fault Zone is a more accurate descriptor because

the San Andreas Fault branches off into smaller faults that, in turn, branch off into

even smaller faults due to a long history of seismic ruptures along the plate boundary

(Perrin et al., 2016; Ye and Liu, 2017). One can view this branching off into smaller,

subsidiary faults to be similar in image to a fractal tree. The seismicity of south-

ern California is widely distributed among the San Andreas Fault Zone, the east-west

trending left-lateral Garlock Fault, and the southeast-northwest trending right-lateral

faults of the Eastern California Shear Zone of the Mojave Desert, as well as the San

Jacinto and Elsinore Fault Zones (Fig. 1). Additionally, other fault zones, such

as the transtensional Imperial Fault Zone, and the proximal Laguna Salada Fault,

which produced the 2010 Mw 7.2 El Mayor-Cucapah (Baja California) earthquake,

play active roles in the seismicity of southern California; for example, Hauksson et al.

(2010) suggested that the 2010 Mw 7.2 El Mayor-Cucupah earthquake had triggered

seismicity along the San Jacinto and Elsinore Fault Zones.
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More than 29 Ma, there was a mid-ocean ridge between the Pacific Plate to the

west and the Farallon Plate to the east (Ye and Liu, 2017). On the east side of

the Farallon Plate there was a plate boundary that consisted of a subduction zone

where the Farallon Plate subducted beneath the North American Plate (Ye and Liu,

2017). Eventually, the mid-ocean ridge was subducted beneath the North American

Plate, resulting in compressive, reverse faulting in western California (Nicholson et

al., 1986), and Basin and Range extension in eastern California, Nevada, and Utah,

followed due to the decrease in horizontal stress from the absence of the Farallon

Plate’s subduction. As the mid-ocean ridge subducted beneath the North American

Plate, this interaction formed a new strike-slip plate boundary due to a change in

relative plate motions; this new strike-slip plate boundary, the San Andreas fault,

grew in length to both the north and south (Irwin, 1990).
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Objectives

The purpose of this study was to

(1) calculate the range and temporospatial distribution of b and D2 values for

earhquake hypocenters in southern California from 1982 to 2020, and

(2) explore the physical significance of these b and D2 values with respect to

temporospatial seismicity patterns.

The purpose of objective (1) was to identify any interesting changes in b or D2 values

in either time or space, in particular, any consistent changes in b or D2 values that

occur immediately, before, or after large earthquakes. The purpose of objective (2)

was to correlate interesting changes in b or D2 values in either time or space to

changes in seismicity. In turn, an understanding of what particular changes in b or

D2 values represent physically will assist in future applications of b or D2 values in

seismic studies.
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Methods

Data

All computations used data from the Southern California Earthquake Data Center

(SCEDC) catalogue, the archive of the Southern California Seismic Network (SCSN),

which is available at scedc.caltech.edu. The SCEDC catalogue contains earthquakes

with depths ≤ 35.54 km and M ≤ 7.3 for an area bounded between 30.86◦ to 38.54◦N

and 114.00◦ to 122.22◦W (Fig. 1). In addition to earthquakes, the SCEDC catalogue

also contains information about non-earthquakes: quarry blasts, sonic booms, nuclear

blasts, teleseismic events, and unknown events (Hutton et al., 2010).

From 1982 to 2020, the SCEDC catalogue reported earthquake magnitudes as

energy magnitude (Me), moment magnitude (Mw), body-wave magnitude (Mb),

surface-wave magnitude (Ms), local magnitude (Ml), coda amplitude magnitude (Mca),

helicorder magnitude (Mh), and coda duration magnitude (Md) (Hutton et al., 2010).

In this thesis, I assumed that each of these different ways of computing magnitudes

would give values that were approximately similar for magnitudes below approxi-

mately 6.3, the value above which the Ml scale saturates (Hutton et al., 2010).

According to Hutton et al. (2010), the following operational changes probably

affected the quality of the SCEDC catalogue for different time intervals:

(1) In 1986, the network sensitivity decreased, which resulted in a lesser number

of small earthquakes being recorded.

(2) Mca values for the range 2.0 to 3.5 in the 1980s and 1990s may be overesti-

mates, although no values were discussed.

(3) In the 1990s, more Ml values and fewer Mca and Mh values were recorded.

(4) Beginning in 2000, Mw became the preferred magnitude for M ≥ 5.0.
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(5) In 2001, the change from the Caltech/USGS Seismic Processing system to the

ANSS Quake Monitoring System changed the number of earthquakes with

different types of magnitudes.

Finally, a large number of waveforms from 1977 to 1981 were not recoverable (Hut-

ton et al., 2010), resulting in missing earthquake data from 1977 to 1981, including

locations and magnitudes. Therefore, the earliest year to be used in the time range

of this thesis was 1982.

Magnitude of Completeness

The magnitude of completeness, Mc, the minimum M at which all earthquakes

are reliably recorded in an earthquake catalogue, was estimated using the Maximum

Curvature Method (Wiemer and Wyss, 2000), which equates Mc− 0.2 to the M cor-

responding to the maximum non-cumulative frequency (Fig. 2). Here, the maximum

non-cumulative frequency for a set of earthquake magnitudes is defined as the mode

of those magnitude values.

Hutton et al. (2010) estimated Mc values for the SCSN catalogue from 1932 to

2008 and reported that, on average, the catalogue was complete for Mc ≥ 1.8 since

1981, with exceptions. The Mc may vary in both time and space due to improve-

ments in technology, station density, and station coverage (Hutton et al., 2010). For

example, offshore areas and areas in Mexico were characterized by high Mc values due

to low station coverage (Hutton et al., 2010). Changes in Mc do not reflect changes

in seismicity, but rather changes in the ability of the network to consistently detect

earthquakes (Hutton et al., 2010).

In this thesis, I computed b values for monthly and yearly partitions of the SCEDC

catalogue. In order to obtain an accurate b value for each partition, all earthquakes

with M below the Mc of the partition must be removed from the partition prior to
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b value calculation. Although other studies have published Mc values for earthquake

catalogues pertaining to southern California (Wiemer and Wyss, 2000; Hutton et al.,

2010), I chose to recompute Mc values for each partition as my Mc values may not be

identical to the Mc values in literature due to differences in catalogues used as well

as partitioning of the catalogues.

The SCEDC catalogue was partitioned into subsets corresponding to each year

of the study period and a Mc value was found for each subset; these Mc values will

be defined as yearly Mc values. In order to maintain closeness to an independent

and identical distribution for M values, all yearly partitions should be filtered for the

same Mc value. This Mc value corresponded to the maximum yearly Mc value of 2.5

(Fig. 3). Similarly, the SCEDC catalogue was partitioned into subsets corresponding

to each month of each year of the study period and a Mc value was found for each

subset; these Mc values will be defined as monthly Mc values. In order to main-

tain closeness to an independent and identical distribution for M values, all monthly

partitions were filtered for M ≥ 2.3, the maximum monthly Mc value (Fig. 3).

b values

Recall that the b value is the absolute value of the slope of the cumulative frequency-

magnitude distribution of earthquake magnitudes. Given any population of earth-

quake M values, the b value is expected to increase as the percentage of high M values

decreases. In addition, empirical evidence has shown that the b value decreases with

increasing depth, differential stress, and lithostatic stress (Mori and Abercrombie,

1997; Wiemer and Wyss, 1997; Gerstenberger et al., 2001; Scholz, 2015). Past stud-

ies have suggested the b value to be a potential earthquake precursor (Smith, 1981;

Smith, 1986; Nanjo et al., 2012); however, Hutton et al. (2010) had suggested that

temporal changes in the b value were more likely due to problems in the earthquake

catalogue itself, such as completeness or network sensitivity, as opposed to any actual
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changes in the seismicity rate.

Multiple methods exist to determine the b value (Gutenberg and Richter, 1944;

Aki, 1965; Utsu, 1965; Page, 1968; Bender, 1983; Ogata and Yamashina, 1986; Wang

et al., 2014; Han et al., 2015). In no particular order, the three most common methods

to determine the b value are

(1) visual inspection for a line of best fit,

(2) Maximum Likelihood Method, and

(3) Least Squares Method.

In this thesis, b values were not determined by visual inspection for a line of best fit

because I deemed the method to be too impractical in determining a large number

of b values and to be too subjective. Instead, in this thesis, b values were determined

using both the Maximum Likelihood Method and the Least Squares Method because

both methods solve for the b value and its standard deviation using equations. Be-

cause different methods may produce different b values for the same set of M values

(Bender, 1983; Wiemer and Wyss, 1997; Enescu et al., 2011; Wang et al., 2014; Han

et al., 2015), there is much discussion concerning the accuracy of these different meth-

ods, including both the Maximum Likelihood Method and the Least Squares Method

(Bender, 1983; Guttorp, 1987; Sandri and Marzocchi, 2007; Amorèse et al., 2010).

In this thesis, I am interested in reporting spatial or temporal trends in b values. If

the Maximum Likelihood Method and the Least Squares Method produce different

trends in b value for the same population of M values, then I would dismiss the trend

associated with higher standard deviation values.

Let bML denote a b value estimated for a set of earthquake magnitudes {Mi} using

the Maximum Likelihood Method. Then

bML =
(N − 1) log10 e∑N

i=1(Mi −M0)
,(13)
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whereN is the cardinality of {Mi}, andM0 is the minimum magnitude in {Mi} (Ogata

and Yamashina, 1986). Eq. (13) is the equation for the b value that maximizes the

likelihood function given by Aki (1965). The standard deviation in bML, σbML
, is

approximated as

σbML
≈ 2.30b2ML

N∑
i=1

(Mi − M̄)2

N(N − 1)
,(14)

where M̄ is the arithmetic mean of {Mi} (Shi and Bolt, 1982).

Let bLS denote a b value estimated for a set of earthquake magnitudes {Mi} using

the Least Squares Method, in which bLS is equal to the absolute value of the slope

of the linear regression of {Mi} to Eq. (8). The linear regression was calculated

using MATLAB’s polyfit function, which performs an unweighted least squares linear

regression.

Let the set {Xi} with arithmetic mean X̄ and the set {Yi} with arithmetic mean

Ȳ have the same cardinality S, and let

ssXX =
n∑

i=1

(Xi − X̄)2,(15)

ssY Y =
n∑

i=1

(Yi − Ȳ )2,(16)

ssXY =
n∑

i=1

(Xi − X̄)(Yi − Ȳ ).(17)

The standard deviation in slope, σ, of a linear regression in the form {Yi} = a1{Xi}+

a0 is

σ =

√
ssY Y − a1ssXY

(S − 2)ssXX

.(18)

Eq. (18) was used to estimate the standard deviation in bLS, σbLS
.
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Coordinate Conversion

In order to calculate D2 values, hypocenter locations were transformed from ge-

odetic (φ, λ, h) to Cartesian coordinates (x, y, z), where φ is the latitude, λ is the

longitude, and h is the elevation. Let

v =
a√

1− ξ sin2 φ
,(19)

ξ = f(2− f),(20)

where a = 6378.137 km and f = 1/298.257223563 (Featherstone, 1994; Gerdan and

Deakin, 1999), then the transformation is achieved by the following three equations:

x = (v + h) cosφ cosλ(21)

y = (v + h) cosφ sinλ(22)

z = [v(1− ξ) + h] sinφ,(23)

The transformation maps all hypocenter locations from the World Geodetic System of

1984 (WGS84) reference ellipsoid to an Earth-Centered, Earth-Fixed (ECEF) model.

Here, v is the WGS84’s transverse radius of curvature, a is the WGS84’s semi-major

axis length, ξ is the WGS84’s first eccentricity squared, and f is the WGS84’s flatten-

ing (Featherstone, 1994; Gerdan and Deakin, 1999). In the ECEF model, the point

(x, y, z) = (0, 0, 0) is the center of the ellipsoid, the z-axis and the axis of rotation of

the ellipsoid are collinear, the xz-plane is the origin of longitudes, and the xy-plane

is the origin of latitudes (Gerdan and Deakin, 1999).

D2 values

In order to calculate a D2 value for a subset of an earthquake catalogue, a set

of C(s) values corresponding to the set {s ∈ R | 0.1 km ≤ s ≤ 1000 km} was

constructed for sampling intervals of size log10 r = 0.2, where r ∈ R+, using Eq. (4),

and where xi and xj are hypocenter locations in Cartesian coordinates. The plot of
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log10C(s) against log10 s is expected to have a constant, positive slope equal to D2

for all s due to the self-similarity of fractals (Grassberger, 1983). However, a finite set

of hypocenter locations only approximates a true mathematical fractal. Given a plot

of log10C(s) against log10 s for a set of hypocenter locations, the slope will approach

0 at sufficiently small and large s values due to the finite number of earthquakes

contained in any catalogue (finite size effect) and the absence of events outside of

the study volume (boundary effect), respectively (Bonnet et al., 2001; Kagan, 2007).

Both effects are demonstrated in Fig. 4, which shows the computation of the D2 value

for a finite sampling of a mathematical fractal. The range 1.0 km ≤ s ≤ 10.0 km is in

general agreement with Wyss et al.’s (2004) range in s used to determine D2 values for

patches of the San Andreas Fault near the Parkfield section of California, where 0.23

km ≤ s ≤ 17 km. Therefore, D2 was estimated as the slope of the linear regression

of log10C(s) against log10 s for 1.0 km ≤ s ≤ 10.0 km. The linear regression was

calculated using MATLAB’s polyfit function. Eq. (18) was used to estimate the

error in D2, σD2 .

Calculations - Temporal Variables

In this thesis, I performed three sets of calculations to produce three sets of vari-

ables: temporal variables, declustered variables, and spatial variables. This section

and the following two sections detail the sequential order of operations used to pro-

duce each set of variables.

For the first set of calculations, I began with the unprocessed SCEDC catalogue.

Non-earthquakes, which include quarry blasts, sonic booms, nuclear blasts, teleseis-

mic events, and unknown events, were removed from the SCEDC catalogue. To ensure

completeness, earthquakes with magnitudes below the maximum monthly Mc value of

2.5 (Fig. 3) were removed from the SCEDC catalogue. The Gutenberg-Richter distri-

bution tends to have a break in linearity at high magnitudes due to the low occurrence
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of large earthquakes. By visual inspection of the Gutenberg-Richter distribution for

each year, this break in linearity typically occurred at or above a magnitude value

of approximately 4.5. Consequently, earthquakes with magnitudes above 4.5 were

removed from the SCEDC catalogue. Hypocenter locations in the SCEDC catalogue

were transformed from geodetic to Cartesian coordinates. Henceforth, I defined all

variables calculated in this section to be temporal variables. Finally, values for bML,

σbML
, bLS, σbLS

, D2, and σD2 were calculated for each month of each year in which at

least 30 earthquakes occurred.

Calculations - Declustered Variables

For the second set of calculations, I began with the unprocessed SCEDC catalogue.

Non-earthquakes were removed from the SCEDC catalogue. Earthquakes with mag-

nitudes below 2.5 or above 4.5 were removed from the SCEDC catalogue. Hypocenter

locations in the SCEDC catalogue were transformed from geodetic to Cartesian co-

ordinates.

Foreshocks and aftershocks are earthquakes that occurred within some small dis-

tance and prior to and after a designated earthquake, respectively; the designated

earthquake is called a mainshock (van Stiphout et al., 2012). In a declustering algo-

rithm, earthquakes listed in a catalogue are categorized as foreshocks, mainshocks,

and aftershocks, and earthquakes belonging to one or more of the chosen categories

are removed, depending on the objective of the analysis (van Stiphout et al., 2012).

As foreshocks and aftershocks tend to cluster in both space and time near their

mainshocks, the removal of these seismicity clusters is aptly named declustering (van

Stiphout et al., 2012). Past studies have reported anomalous changes in the fractal di-

mension value both before and after large earthquakes (Dimitriu et al., 2000; Roy and

Nath, 2007; Mondal et al., 2019), and such changes were interpreted to be the result

of changes in the clustering of foreshocks and aftershocks. Hence, I wished to know if
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my analysis results change if I used a catalogue containing foreshocks and aftershocks

as opposed to one with those events removed. In this thesis, I chose to remove only the

foreshocks and aftershocks of M ≥ 7.0 earthquakes because the anomalous changes

in the fractal dimension values were typically reported for M ≥ 7.0 earthquakes (Roy

and Nath, 2007; Mondal et al., 2019).

The following approximation of Gardner and Knopoff’s (1974) declustering algo-

rithm, found in van Stiphout et al. (2012), was used:

d = 100.1238M+0.983 km(24)

t =


100.032M+2.7389 days, M ≥ 6.5

100.5409M−0.547 days, M < 6.5

,(25)

where, for a magnitude M mainshock, d is the space window, and t is the time

window. In Gardner and Knopoff’s declustering algorithm, a foreshock was defined

as an earthquake with an epicenter at most d km away from the mainshock’s epicenter

and with an origin time at most t days prior to the mainshock’s origin time, whereas

an aftershock was defined as an earthquake with an epicenter at most d km away from

the mainshock’s epicenter and with an origin time at most t days after the mainshock’s

origin time. Although other declustering algorithms exist (Reasenberg, 1985; Zhuang

et al., 2002), Gardner and Knopoff’s declustering algorithm was chosen due to the

simple nature of its application. Henceforth, I define all variables calculated in this

section to be declustered variables. After declustering, a value for bML, σbML
, bLS,

σbLS
, D2, and σD2 was calculated for each month of each year in which at least 30

earthquakes occurred.
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Calculations - Spatial Variables

For the third set of calculations, I began with the unprocessed SCEDC catalogue.

Non-earthquakes were removed from the SCEDC catalogue. Earthquakes with mag-

nitudes above 4.5 were removed. Earthquakes with magnitudes below 2.3 were re-

moved because the maximum yearly Mc value was 2.3 (Fig. 3). Hypocenter locations

were transformed from geodetic to Cartesian coordinates. Henceforth, I defined all

variables calculated in this section to be spatial variables. For each year, the study

volume was partitioned into a square pattern mesh grid of 0.1◦ latitude by 0.1◦ longi-

tude cells. For each cell containing 100 or more earthquakes within a 100 km radius, a

bLS, σbLS
, bML, σbML

, D2, and σD2 were calculated using the nearest 100 earthquakes.

Declustered variations of these spatial distribution maps of b and D2 values were not

produced due to an insufficient number of events in the foreshock-aftershock zones

after declustering.
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Results

Temporal Results

Temporal bML values ranged from 0.49 to 2.40 with an average of 1.28±0.27 (Table

1; Fig. 5). Temporal bLS values ranged from 0.67 to 2.01 with an average of 1.11±0.23

(Table 1; Fig. 5). Temporal σbLS
values ranged from 0.03 to 0.27 with an average of

0.09± 0.04, whereas temporal σbML
values had a wider range between 0.02 and 0.42

with a higher average of 0.17 ± 0.06 (Table 1; Fig. 5). 62% of temporal σbLS
values

were below 0.1, whereas only 10% of temporal σbML
values were below 0.1 (Fig. 5).

The higher proportion of low values for temporal σbML
would suggest that temporal

bLS values should be used for assessing changes in the temporal b value. The temporal

trend in bLS values was characterized by a high frequency of increases and decreases,

with higher bLS values occurring prior to 2003 (Fig. 6), reflecting a decrease in the

predominance of small earthquakes after 2003.

Temporal D2 values ranged from 0.03 to 2.12 with an average of 0.52 ± 0.40 (Ta-

ble 1; Fig. 7). Temporal σD2 values ranged from 0.00 to 0.14 with an average of

0.04± 0.02 (Table 1; Fig. 7), suggesting a good fit of the fractal model to the set of

earthquake hypocenters.

There was a predominant pattern in temporal D2 values on the dates of and after

M > 6.0 earthquakes:

(1) For the 1983 M 6.1 Coalinga earthquake, the temporal D2 value was 0.14 a

month prior to the earthquake (Fig. 8). The temporal D2 value increased to

1.44 on the month of the earthquake, before decaying for one month to 0.37

(Fig. 8).

(2) For the 1987 M 6.6 Superstition Hills earthquake, the temporal D2 value

was 0.84 a month prior to the earthquake (Fig. 8). The temporal D2 value
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increased to 1.84 on the month of the earthquake, before decaying for four

months to 0.39 (Fig. 8).

(3) For the 1992 M 6.1 Joshua Tree earthquake, the temporal D2 value was 0.31

a month prior to the earthquake (Fig. 8). The temporal D2 value increased to

1.89 on the month of the earthquake, before decaying for one month to 1.54

(Fig. 8).

(4) For the 1992 M 7.3 Landers earthquake, the temporal D2 value was 1.54 a

month prior to the earthquake (Fig. 8). The temporal D2 value increased to

1.76 on the month of the earthquake, before decaying for four months to 0.99

(Fig. 8).

(5) For the 1994 M 6.7 Northridge earthquake, the temporal D2 value was 0.34

a month prior to the earthquake (Fig. 8). The temporal D2 value increased

to 2.06 on the month of the earthquake, before decaying for seven months to

0.17 (Fig. 8).

(6) For the 1999 M 7.1 Hector Mine earthquake, the temporal D2 value was 0.46

a month prior to the earthquake (Fig. 8). The temporal D2 value increased

to 1.72 on the month of the earthquake, before decaying for four months to

0.37 (Fig. 8).

(7) For the 2003 M 6.5 San Simeon earthquake, the temporal D2 value was 0.27 a

month prior to the earthquake (Fig. 8). The temporal D2 value increased to

1.30 on the month of the earthquake, before decaying for at least four months

to 0.21 (Fig. 8).

(8) For the 2010 M 7.2 El Mayor-Cucapah earthquake, the temporal D2 value

was 0.35 a month prior to the earthquake (Fig. 8). The temporal D2 value

increased to 2.12 on the month of the earthquake, before decaying for thirteen

months to 0.23 (Fig. 8).
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(9) For the 2019 M 7.1 Ridgecrest earthquake, the D2 value was 0.42 a month

prior to the earthquake (Fig. 8). The D2 value increased to 2.00 on the month

of the earthquake, before decaying for seven months to 0.41 (Fig. 8).

In summary, temporal D2 values increased by a value in the range 0.22 to 1.77 from

the month prior to and of the occurrence of a M > 6.0 earthquake (Fig. 8). After the

occurrence of a M > 6.0 earthquake, temporal D2 values decayed for one to thirteen

months to a value in the range 0.17 to 0.99 (Fig. 8).

Declustered Results

The spatial and temporal windows used in Gardner and Knopoff’s declustering

algorithm ranged from 53 km to 77 km and 499 days to 939 days. There was a

predominant pattern in declustered D2 values on the dates of and after most M > 7.0

earthquakes:

(1) For the 1992 M 7.3 Landers earthquake, declustered D2 values were lower

than their corresponding temporal D2 values on the month of the earthquake

and for eight months after the earthquake (Fig. 9).

(2) For the 1999 M 7.1 Hector Mine earthquake, declustered D2 values were lower

than their corresponding temporal D2 values on the month of the earthquake

and for six months after the earthquake (Fig. 9).

(3) For the 2010 M 7.2 El Mayor-Cucapah earthquake, declustered D2 values

were lower than their corresponding temporal D2 values on the month of the

earthquake and for fifteen months after the earthquake (Fig. 9).

(4) For the 2019 M 7.1 Ridgecrest earthquake, less than 30 M ≥ 2.5 earthquakes

occurred on the month of the earthquake and for nine months after the earth-

quake. Consequently, no declustered D2 values were calculated on the month

of the earthquake and for nine months after the earthquake (Fig. 9).

In summary, declustered D2 values were lower than temporal D2 values on the months

in which a M > 7.0 earthquake occurred and for six to fifteen months after the
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occurrence of a M > 7.0 earthquake, with the exception of the 2019 M 7.1 Ridgecrest

earthquake due to an insufficient number of earthquakes after declustering (Fig. 9).

That is, aftershocks appear to increase the D2 value.

Spatial Results

Spatial bML values ranged from 0.47 to 4.10 with an average of 1.27± 0.30 (Table

2; Fig. 10). Spatial bLS values ranged from 0.60 to 3.50 with an average of 1.11±0.24

(Table 2; Fig. 10). Spatial σbLS
values ranged from 0.01 to 0.41 with an average of

0.10± 0.04, whereas spatial σbML
values had a wider range between 0.03 to 0.58 with

a higher average of 0.14 ± 0.05 (Table 2; Fig. 10). 19% of spatial σbLS
values were

below 0.1, whereas only 5% of spatial σbML
values were below 0.1 (Fig. 10). The

higher proportion of low values for spatial σbML
would suggest that spatial bLS values

should be used for reporting changes in the spatial b value.

Assuming that foreshocks and aftershocks are producing anomalous changes in

the b and D2 value, for each M > 6.0 earthquake a spatial window of 77 km about

that earthquake’s epicenter was used to record changes in spatial bLS and spatial D2

values relative to the timing of that earthquake. The value 77 km was chosen because

it was the maximum distance expected for foreshocks and aftershocks as defined in

Gardner and Knopoff’s declustering algorithm.

For spatial bLS values:

(1) For the 1983 M 6.1 Coalinga earthquake, the mean spatial bLS value increased

from 0.93 in 1983 to 1.00 in 1984 (Fig. 11). No earthquakes occurred within

a 77 km window of the earthquake’s epicenter in 1982 (Fig. 11).

(2) For the 1987 M 6.6 Superstition Hills earthquake, the mean spatial bLS value

increased from 1.32 in 1986 to 1.36 in 1987, before decreasing to 1.28 in 1988

(Fig. 11). An analysis of spatial bLS and D2 values was not performed for the
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1987 M 6.2 Elmore Ranch earthquake, because it was considered a foreshock

of the 1987 M 6.6 Superstition Hills earthquake.

(3) For the 1992 M 7.3 Landers earthquake, the mean spatial bML value for a

77 km window about the epicenter was 1.28 in 1987 and increased to 1.56 in

1988 (Fig. 12). From 1988 to 1992, the mean spatial bML value for a 77 km

window about the epicenter monotonically decreased to 1.04, before increasing

to 1.26 in 1993 (Fig. 12). An analysis of spatial bLS and D2 values was not

performed for the 1992 M 6.1 Joshua Tree earthquake or the 1992 M 6.3 Big

Bear earthquake, which were considered as foreshocks and aftershocks of the

1992 M 7.3 Landers earthquake.

(4) For the 1994 M 6.7 Northridge earthquake, the mean spatial bLS value for

a 77 km window about the epicenter decreased from 1.22 in 1993 to 0.94 in

1994, before increasing to 0.99 in 1995 (Fig. 11).

(5) For the 1999 M 7.1 Hector Mine earthquake, the mean spatial bLS value for

a 77 km window about the epicenter was 1.22 in 1994 (Fig. 12). From 1994

to 1996, the mean spatial bLS value for a 77 km window about the epicenter

monotonically decreased to 0.92, before monotonically increasing to 1.22 in

1998 (Fig. 12). From 1998 to 1999, the mean spatial bLS value for a 77 km

window about the epicenter decreased to 1.05, before monotonically increasing

to 1.28 in 2001 (Fig. 12).

(6) For the 2003 M 6.5 San Simeon earthquake, the mean spatial bLS value for a

77 km window about the epicenter increased from 0.84 in 2003 to 0.88 in 2004

(Fig. 11).

(7) For the 2010 M 7.2 El Mayor-Cucapah earthquake, the mean spatial bLS value

for a 77 km window about the epicenter was 1.23 in 2005 (Fig. 12). The mean

spatial bLS value for a 77 km window about the epicenter decreased to 0.96

in 2006, before increasing to 1.08 in 2011 (Fig. 12). From 2006 to 2010, the
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mean spatial bLS value for a 77 km window about the epicenter monotonically

decreased to 0.92, before monotonically increasing to 1.18 in 2014 (Fig. 12).

(8) For the 2019 M 7.1 Ridgecrest earthquake, the mean spatial bLS value for a 77

km window about the epicenter increased from 0.95 to 0.99, before increasing

to 1.01 in 2020 (Fig. 12).

In summary, the mean spatial bLS values within the foreshock-aftershock zone of a

M > 6.0 earthquake tended to decrease from the year prior to and of the occurrence

of a M > 6.0 earthquake, before increasing for the following year (Fig. 11; Fig. 12).

Spatial D2 values ranged from 0.11 to 1.84 with an average of 0.82 ± 0.27 (Ta-

ble 2; Fig. 13). Spatial σD2 values ranged from 0.00 to 0.20 with an average of

0.06± 0.03 (Table 2; Fig. 13), suggesting a good fit of the fractal model to the set of

earthquake hypocenters.

For spatial D2 values:

(1) For the 1983 M 6.1 Coalinga earthquake, the mean spatial D2 value for a 77

km window about the epicenter monotonically decreased from 1.49 in 1983 to

0.78 in 1988 (Fig. 14).

(2) For the 1987 M 6.6 Superstition Hills earthquake, the mean spatial D2 value

for a 77 km window about the epicenter monoyonically increased from 0.69

in 1985 to 1.07 in 1987, before monotonically decreasing to 0.73 in 1990 (Fig.

14).

(3) For the 1992 M 7.3 Landers earthquake, the mean spatial D2 value for a 77

km window about the epicenter monotonically increased from 0.45 in 1991 to

1.23 in 1993, before decreasing to 0.84 in 1995 (Fig. 15).

(4) For the 1994 M 6.7 Northridge earthquake, the mean spatial D2 value for a

77 km window about the epicenter monotonically increased from 0.47 in 1992

to 1.25 in 1994, before monotonically decreasing to 0.50 in 1998 (Fig. 14).
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(5) For the 1999 M 7.1 Hector Mine earthquake, the mean spatial D2 value for a

77 km window about the epicenter monotonically increased from 0.73 in 1998

to 1.10 in 2000, before monotonically decreasing to 0.62 in 2004 (Fig. 15).

(6) For the 2003 M 6.5 San Simeon earthquake, the mean spatial D2 value for

a 77 km window about the epicenter increased from 0.44 in 2001 to 1.38 in

2003, before decreasing to 0.86 in 2007 (Fig. 14).

(7) For the 2010 M 7.2 El Mayor-Cucapah earthquake, the mean spatial D2 value

for a 77 km window about the epicenter monotonically increased from 0.95

in 2007 to 1.45 in 2010, before monotonically decreasing to 1.33 in 2012 (Fig.

15).

(8) For the 2019 M 7.1 Ridgecrest earthquake, the mean spatial D2 value for a 77

km window about the epicenter increased from 0.67 in 2018 to 1.18 in 2019,

before further increasing to 1.23 in 2020 (Fig. 15).

In summary, the mean spatial D2 values within the foreshock-aftershock zone of a

M > 6.0 earthquake tended to increase from the year prior to and of the occurrence

of a M > 6.0 earthquake, before generally decreasing in one or more years afterwards

(Fig. 14; Fig. 15).

Fractal Results

The data depicted in some of the scatter plots of log10C(s) against log10 s did not

demonstrate a constant, positive linear trend for the entire range 1 km ≤ s ≤ 10 km

(Fig. 16). For example, the data in the scatter plots of log10C(s) against log10 s may

have begun a gradient increase at s > 0.1 km or a gradient decrease at s < 0.1 km

(Fig. 16), which may produce a less accurate measurement of D2. As shown by the

example of a finite sample of the Sierpinski triangle (Fig. 4), for any finite sampling of

a fractal set, the data depicted in the scatter plot of log10C(s) against log10 s should

follow an S-shaped curve. However, a number of D2 calculations involved scatter

plots of log10C(s) against log10 s with data that followed double S-shaped curves,
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which was peculiar as no previous studies have reported such an observation. The

presence of multiple slopes or fractal dimensions is interpreted to suggest that the

set of earthquake hypocenters is multifractal. Alternatively, the presence of multiple

slopes may be due to an insufficient number of earthquakes.
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Discussion

The purpose of this study was to identify, if any, temporal or spatial patterns in

b and D2 values for southern California seismicity from 1982 to 2020, as recorded in

the SCEDC catalogue. In particular, precursory changes in b and D2 values prior to

large earthquakes were desired. However, no consistent and easily identifiable precur-

sory changes in b and D2 values were identified in the results of this study. Instead,

consistent and easily identifiable changes in b and D2 values were found on the dates

of and after large earthquakes.

Some studies have interpreted the D2 value of earthquake locations to be an indi-

cation of the degree of spatial clustering of those earthquake locations, with low D2

values being associated with high clustering and high D2 values being associated with

low clustering (Dimitriu et al., 2000; Oncel and Wilson, 2002; Han et al., 2015; Mondal

et al., 2019; Radziminovich et al., 2019). That is, there exists a negative correlation

between the D2 value and degree of clustering of earthquake locations. However, my

declustering results suggest the opposite. After declustering, a process that decreases

the degree of clustering of earthquake locations, the declustered D2 values for months

in which declustering had occurred were lower than their corresponding temporal D2

values (Fig. 9). Instead of a negative correlation, this decrease in D2 values after

declustering suggests that there exists a positive correlation between the D2 value

and degree of clustering of earthquake locations. Indeed, Öztürk (2012) had reported

high D2 values to be associated with the largest earthquakes contained in a set of

99,737 earthquakes that occurred in Turkey from 1970 to 2011, and interpreted high

D2 values to be an indication of a stronger clustering of epicenters. Possible causes

for an increase in clustering of epicenters include swarms, foreshocks, and aftershocks.

Large earthquakes may be preceded by a cluster of earthquakes termed foreshocks.

Hence, if foreshocks preceded a large earthquake, and if there exists a positive cor-

relation between the D2 value and degree of clustering of earthquake locations, then
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an increase in the D2 value could be a precursor to a large earthquake. There have

been increases in the temporal D2 values prior to large earthquakes (Fig. 8), but no

increases in the spatial D2 values prior to large earthquakes (Fig. 14; Fig. 15); that

is, any increase in the D2 values prior to large earthquakes was caused by seismicity

outside of their foreshock-aftershock window as defined in Gardner and Knopoff’s

algorithm. Additionally, the results of this thesis show both an increase and decrease

in D2 values prior to large earthquakes (Fig. 8), and hence the role for either the in-

crease or decrease in the D2 value as a precursor for large earthquakes remains unclear.

Other studies have interpreted the D2 value of earthquake locations to be an indi-

cation of the geometry of the spatial distribution of those earthquake locations: D2

values close to 0 imply a set of earthquake locations describing a point, D2 values close

to 1 imply a set of earthquake locations describing a line, D2 values close to 2 imply a

set of earthquake locations describing a surface, and D2 values close to 3 imply a set

of earthquake locations describing a volume (Tosi et al., 2008; Radziminovich et al.,

2019). Fig. 17 illustrates this difference in D2 values due to a difference in geometry

as well as the effect of scattering, which decreases the D2 value. In this thesis, prior

to declustering the D2 values for dates within the temporal window of the aftershock

sequences of M > 7.0 earthquakes approached or exceeded 2.0 (Fig. 9), implying sets

of hypocenters describing surfaces. After declustering, the corresponding D2 values

decreased to values within the range [0.06, 1.38] (Fig. 9), implying sets of hypocenters

describing points and lines. That is, aftershocks of large earthquakes tend to occupy

surfaces in space, in contrast to the collection of earthquakes outside of aftershocks

which tend to occupy points or lines in space and reflect locations that are more

spatially random. Indeed, one of the effects of Gardner and Knopoff’s decluster-

ing algorithm is to reduce a non-Poissonian distribution containing dependent events

into a Poissonian distribution containing independent events, in which the dependent

events were aftershocks (Gardner and Knopoff, 1974). There is an empirical law, the
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Omori-Utsu law, which describes observed temporal trends in the aftershock rates of

mainshocks as

n(t) =
K

(c+ t)p
,(26)

where n(t) is the number of aftershocks per unit time, t is the time after the main-

shock, and K, c, p are constants (Utsu, 1961). That is, the aftershock rate is typically

highest immediately after a mainshock and subsequently decays with time. Hence,

the increase in D2 values on the months of the M > 7.0 earthquakes and the subse-

quent decay in D2 values within the temporal window of the aftershock sequences of

the M > 7.0 earthquakes are interpreted to be a result of the temporal decay in the

aftershock rate as described by the Omori-Utsu law. Both the Omori-Utsu law and

the results from declustering suggest that the increased D2 values on the months of

the M > 7.0 earthquakes and the subsequent decay in D2 values within the temporal

window of the aftershock sequences of the M > 7.0 earthquakes were correlated with

the aftershock activity. Physically, on the months of large earthquakes, a high dimen-

sion set of strongly clustered and surface distributed aftershocks superimpose onto

a lower dimension set of weakly clustered, spatially random earthquakes. Although

no precursory pattern in D2 values occurred prior to large earthquakes, the large in-

crease and subsequent decay in D2 values after a large earthquake may provide a use

in defining aftershocks using a quantitative measure. The identification of aftershocks

is necessary to obtain reliable seismic hazard assessments (Fereidoni and Atskinson,

2014).

Some studies have suggested a potential role for either the increase or decrease

in the b value as a precursor for large earthquakes (Smith, 1981; Smith, 1986; de

Arcangelis et al., 2016). Smith (1981) observed a monotonic increase in bML value

from 1.0 in 1970 to 1.9 in 1974 for a set of M ≥ 4.0 earthquakes that occurred in a 2◦

latitude by 2◦ longitude region in New Zealand, prior to a monotonic decrease in bML
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value until 1979; a M 6.0 earthquake occurred in 1977 when bML was close to 1.4,

suggesting an increase in b value to be a precursor for large earthquakes. In contrast,

Nanjo et al. (2012) observed a monotonic decrease in bML value from about 0.9 in

2005 to about 0.4 in 2011 for a set of M ≥ 2.5 earthquakes that occurred close to

the epicenter of the 2011 Mw 9.0 Tohoku earthquake in Japan, suggesting a decrease

in b value to be a precursor for large earthquakes. The results in this thesis showed

both an increase and decrease in bLS values prior to and within a 77 km window of

the epicenters of several M > 6.0 earthquakes (Fig. 11; Fig. 12). Hence, the role

for either the increase or decrease in the b value as a precursor for large earthquakes

remains dubious.

The increase in bLS values immediately after a majority of the M > 6.0 earthquakes

and all of the M > 7.0 earthquakes (Fig. 11; Fig. 12) is consistent with observations

in literature (Gulia et al., 2018). It has been shown that there exists an inverse rela-

tionship between b values and stress (Scholz, 2015). Therefore, the decrease in spatial

bLS values that occurred in the years of the M > 6.0 earthquakes may be suggestive of

an increase in stress within the aftershock zone of the eventual M > 6.0 earthquakes,

and the increase in spatial bLS values that occurred on the year after the M > 6.0

earthquakes may be suggestive of stress released from the aftershock zones as a result.

There has been much debate regarding the existence of a relationship between

the fractal dimension and b value, with both positive (Oncel and Wilson, 2002; Oncel

and Wilson, 2004; Wyss et al., 2004; Mandal and Rastogi, 2005; Chen et al., 2006;

Roy et al., 2011; Han et al., 2015; Mandal et al., 2021) and negative relationships

(Hirata, 1989; Öncel et al., 1996; Oncel and Wilson, 2002; Mandal and Rastogi, 2005;

Öztürk, 2012; Mandal et al., 2021) being reported in past studies in various geologic

settings in the world. In this thesis, a linear regression between the temporal bLS
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values and temporal D2 values yields the equation D2 = 0.22bLS + 0.28 with a cor-

relation coefficient of 0.12 (Fig. 18), suggesting a weak positive correlation between

D2 values and b values. However, if one were to restrict the previous linear regression

to D2 values and b values that occurred on months in which M > 6.0 earthquakes

occurred in, then the linear regression would yield the equation D2 = 1.90bLS − 0.24

with a correlation coefficient of 0.82 (Fig. 18), suggesting a strong positive correla-

tion between D2 values and b values. Hence, there may indeed exist a relationship

between the fractal dimension and b value; however, the strength of this relationship

may vary temporally and depend on the occurrence of large earthquakes. Indeed,

Legrand (2002) had proposed that the value of c in the equation D = 3b/c (Aki,

1981) is not necessarily 1.5 and instead depends upon the sizes of the earthquakes,

where c = 1, 1.5, and 2 for small, intermediate, and large earthquakes, respectively.

Sianturi et al. (2019) had proposed c = 3 for crystalline rocks and 2.4 for subduc-

tion zones, which suggests that the relationship between the fractal dimension and b

value may vary spatially due to a dependence on material heterogeneity. Assuming

D = 3b/c (Aki, 1981), then the results in this thesis would suggest that the spatial

c values do vary spatially, ranging between 1.73 to 13.81 with 98% of the spatial c

values being greater than 2 (Fig. 19). If a relationship between the fractal dimen-

sion and b value does exist, then it is not as simple as the one proposed by Aki (1981).

Both results in literature (Öncel et al., 1996; Tosi, 1998; Wyss et al., 2004; Man-

dal and Rastogi, 2005; Roy and Nath, 2007; Tosi et al., 2008; Radziminovich et al.,

2019; Tiwari et al., 2021) and the results in this thesis (Fig. 16) have demonstrated

that the set of earthquake locations are fractal within specific ranges of length scales.

Öncel et al. (1996) demonstrated that sets of earthquake epicenters in the Anatolian

fault zones of Turkey obeyed fractal scaling for the range 5 km < s < 160 km. Sim-

ilarly, Roy and Nath (2007) demonstrated that a set of earthquake epicenters in the

Sumatra-Andaman region obeyed fractal scaling for the range 5 km < s < 50 km.
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However, Wyss et al. (2004) obtained different results for ranges of length scales

for fractal scaling when they demonstrated that sets of earthquake hypocenters in

the Parkfield section of the San Andreas fault obeyed fractal scaling for the ranges

0.23 km < s < 2.7 km, 0.3 km < s < 5.2 km, 1 km < s < 6.2 km, 1 km < s < 6 km,

0.3 km < s < 6 km, and 1 km < s < 17 km. That is, the finite size effect and the

boundary effect occurred at different length scales for different areas in the Parkfield

section as defined in Wyss et al. (2004). Furthermore, Tosi (1998) proposed a break in

fractal scaling for a set of earthquake epicenters in Central Italy, suggesting that the

set was fractal separately for the ranges 0.5 km < s < 7 km and 8 km < s < 56 km.

Similarly, the results of this thesis have demonstrated a difference in range of length

scales in which earthquake locations obey fractal scaling. For example, for the de-

termination of spatial D2 values for the year 2019, fractal scaling occurred for the

range 0 < log10 s < 1 or 1 km < s < 10 km in one cell while a different cell had

fractal scaling at the range −0.20 < log10 s < 0.60 or 0.63 km < s < 3.98 km (Fig.

16), suggesting that the range in which fractal scaling occurs for a real fractal varies

spatially.
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Conclusion

Temporal b values and D2 values were calculated for subsets of earthquakes con-

tained in the SCEDC catalogue with magnitudes between 2.3 and 4.5 (inclusive).

(1) Temporal bML values ranged from 0.49 to 2.40 with an average of 1.28± 0.27.

(2) Temporal bLS values ranged from 0.67 to 2.01 with an average of 1.11± 0.23.

(3) Temporal D2 values ranged from 0.03 to 2.12 with an average of 0.52± 0.40.

Spatial b values and D2 values were calculated for the set of all earthquakes listed in

the SCEDC catalogue with magnitudes between 2.5 and 4.5 (inclusive).

(1) Spatial bML values ranged from 0.47 to 4.10 with an average of 1.27± 0.30.

(2) Spatial bLS values ranged from 0.60 to 3.50 with an average of 1.11± 0.24.

(3) Spatial D2 values ranged from 0.11 to 1.84 with an average of 0.82± 0.27.

No consistent and easily identifiable changes in b or D2 values were found prior to the

occurrence of large earthquakes, that is, no precursory changes in b and D2 values

were found in the result of this study. Instead, consistent and easily identifiable

changes in b and D2 values were found on the dates of and after large earthquakes.

b values decreased whereas D2 values increased between the years prior to and of

M > 6.0 earthquakes, suggesting an increase in stress and the presence of strongly

clustered aftershocks distributed along a surface (Fig. 20; Fig. 21). b values increased

whereas D2 values decreased after the occurrence of M > 6.0 earthquakes, suggesting

stress release and a decay in the rate of aftershocks as seismicity returns to a more

spatially random and weakly clustered set of earthquakes (Fig. 20; Fig. 21). These

consistent and easily identifiable changes in b and D2 values for the dates of and after

large earthquakes reveal patterns tied to aftershock behavior, and, consequently, may

possess applications in understanding aftershocks and seismic hazard.
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Table 1: Values for temporal variables were determined for monthly sets of earth-

quake hypocenters contained in the SCEDC catalogue (without declustering) for each

month from 1982 to 2020.

Values for Temporal Variables

Variable Minimum Maximum Average Standard

Deviation

bML 0.49 2.40 1.28 0.27

σbML
0.02 0.42 0.17 0.06

bLS 0.67 2.01 1.11 0.23

σbLS
0.03 0.27 0.09 0.04

D2 0.03 2.12 0.52 0.40

σD2 0.00 0.14 0.04 0.02
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Table 2: Values for spatial variables were determined for yearly sets of earthquake

hypocenters contained in the SCEDC catalogue (without declustering) for each 0.1◦

latitude by 0.1◦ longitude cell for each year from 1982 to 2020.

Values for Spatial Variables

Variable Minimum Maximum Average Standard

Deviation

bML 0.47 4.10 1.27 0.30

σbML
0.03 0.58 0.14 0.05

bLS 0.60 3.50 1.11 0.24

σbLS
0.01 0.41 0.10 0.04

D2 0.11 1.84 0.82 0.27

σD2 0.00 0.20 0.06 0.03
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Figure 1. For 1932 to 2020, map of the SCSN coverage area (penta-
gon), the oldest seven stations of the SCSN (triangles), and Mw ≥ 6.5
earthquakes (stars) (Edited from Hutton et al., 2010).
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Figure 2. Sample estimation of the Mc for the SCEDC catalogue
in 1995 using the Maximum Curvature Method. The figure to the
left shows the non-cumulative number of earthquakes. The figure to
the right shows the base 10 logarithm of the cumulative number of
earthquakes. A M value of 1.3 corresponds to the maximum non-
cumulative frequency, so the Mc = 1.3 + 0.2 = 1.5.
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Figure 3. Evolution of monthly Mc and yearly Mc values for the
SCEDC catalogue.
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Figure 4. A finite sample of the Sierpinski triangle, a fractal in math-
ematics, and its associated scatter plot of log10C(s) against log10 s. The
correlation dimension, D2, one of many notions of fractal dimension,
D, is equal to the slope in which the scatter plot follows a positive,
constant slope.
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Figure 5. Distribution of temporal bLS, bML, σbLS
, and σbML

values.
These values were determined for sets of earthquake hypocenters con-
tained in the SCEDC catalogue (without declustering) for each month
from 1982 to 2020. Temporal σbLS

values tended to be lower than tem-
poral σbML

values, with most of the temporal σbLS
values being lower

than 0.1, whereas most of the temporal σbML
values were higher than

0.1.
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Figure 6. Time series of temporal bLS values. These values were
determined for sets of earthquake hypocenters contained in the SCEDC
catalogue (without declustering) for each month from 1982 to 2020.
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Figure 7. Distribution of temporal D2 and σD2 values. These values
were determined for sets of earthquake hypocenters contained in the
SCEDC catalogue (without declustering) for each month from 1982 to
2020. A majority of the temporal σD2 values were below 0.05.



47

Figure 8. Time series of temporal D2 values. These values were de-
termined for sets of earthquake hypocenters contained in the SCEDC
catalogue (without declustering) for each month from 1982 to 2020. D2

values sharply increased on the months of M > 6.0 earthquakes and
subsequently decayed.
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Figure 9. Time series of declustered D2 values for 5-year windows
centered about the occurrences of M > 7.0 earthquakes. These values
were determined for sets of earthquake hypocenters contained in the
SCEDC catalogue (with declustering) for each month from 1982 to
2020. After declustering, D2 values within the temporal window of the
aftershock sequences of M > 7.0 earthquakes tended to decrease.
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Figure 10. Distribution of spatial bLS, bML, σbLS
, and σbML

values.
These values were determined for sets of earthquake hypocenters con-
tained in the SCEDC catalogue (without declustering) for 0.1◦ latitude
by 0.1◦ longitude cells for each year from 1982 to 2020. Spatial σbLS

values tended to be lower than spatial σbML
values, with most of the

spatial σbLS
values being lower than 0.1, whereas most of the spatial

σbML
values being higher than 0.1.
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Figure 11. Each plot depicts the temporal evolution of mean spatial
bLS values in a 77 km radius about the corresponding M > 6.0 earth-
quake. These values were determined for sets of earthquake hypocen-
ters contained in the SCEDC catalogue (without declustering) for 0.1◦

latitude by 0.1◦ longitude cells for each year from 1982 to 2020. Miss-
ing values represent years in which all 0.1◦ latitude by 0.1◦ longitude
cells within the foreshock-aftershock zone of the epicenter of the cor-
responding earthquake failed to meet the requirements for determining
bLS values. The bLS values decreased on the years of the M > 6.0
earthquakes and increased for at least one year afterwards.
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Figure 12. Each plot depicts the temporal evolution of mean spatial
bLS values in a 77 km radius about the corresponding M > 7.0 earth-
quake. These values were determined for sets of earthquake hypocen-
ters contained in the SCEDC catalogue (without declustering) for 0.1◦

latitude by 0.1◦ longitude cells for each year from 1982 to 2020. Miss-
ing values represent years in which all 0.1◦ latitude by 0.1◦ longitude
cells within the foreshock-aftershock zone of the epicenter of the cor-
responding earthquake failed to meet the requirements for determining
bLS values. The bLS values decreased on the years of the M > 7.0
earthquakes and increased for at least one year afterwards.
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Figure 13. Distribution of spatial D2 and σD2 values. These values
were determined for sets of earthquake hypocenters contained in the
SCEDC catalogue (without declustering) for 0.1◦ latitude by 0.1◦ lon-
gitude cells for each year from 1982 to 2020. A majority of the spatial
σD2 values were below 0.05.
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Figure 14. Each plot depicts the temporal evolution of mean spatial
D2 values in a 77 km radius about the corresponding M > 6.0 earth-
quake. These values were determined for sets of earthquake hypocenters
contained in the SCEDC catalogue (without declustering) for 0.1◦ lat-
itude by 0.1◦ longitude cells for each year from 1982 to 2020. Missing
values represent years in which all 0.1◦ latitude by 0.1◦ longitude cells
within the foreshock-aftershock zone of the epicenter of the correspond-
ing earthquake failed to meet the requirements for determining D2 val-
ues. The D2 values increased on the years of the M > 6.0 earthquakes
and decreased for at least one year afterwards.
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Figure 15. Each plot depicts the temporal evolution of mean spatial
D2 values in a 77 km radius about the corresponding M > 7.0 earth-
quake. These values were determined for sets of earthquake hypocenters
contained in the SCEDC catalogue (without declustering) for 0.1◦ lat-
itude by 0.1◦ longitude cells for each year from 1982 to 2020. Missing
values represent years in which all 0.1◦ latitude by 0.1◦ longitude cells
within the foreshock-aftershock zone of the epicenter of the correspond-
ing earthquake failed to meet the requirements for determining D2 val-
ues. The D2 values increased on the years of the M > 7.0 earthquakes
and decreased for at least one year afterwards.
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Figure 16. Variation in distribution of log10C(s) against log10 s for
spatial D2 calculations for 2019. Of interest to note is that there are
various ranges of length scales in which the set of earthquake hypocen-
ters obey fractal scaling along with the presence of the double S-shaped
curve, suggesting either multifractality or a break in fractal scaling.
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Figure 17. Random, finite samplings of a circle, sphere, and ball,
along with their corresponding D2 values (From Wang and Shan, 2009).
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Figure 18. Scatter plot of temporal D2 against temporal bLS. These
values were determined for sets of earthquake hypocenters contained
in the SCEDC catalogue (without declustering) for each month from
1982 to 2020. Two different populations are shown: one corresponds to
all months from 1982 to 2020, whereas the other corresponds to only
months in which M > 6.0 earthquakes occurred. Color coded lines
represent the linear regressions for each population.
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Figure 19. Spatial distribution map of spatial c values (top) and as-
sociated histogram of spatial c values (bottom). These values were de-
termined for sets of earthquake hypocenters contained in the SCEDC
catalogue (without declustering) for 0.1◦ latitude by 0.1◦ longitude cells
for each year from 1982 to 2020.
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Figure 20. Schematic of evolution of spatial bLS values with respect
to proximity and timing of a large earthquake, example for the 1999
M 7.1 Hector Mine earthquake. These values were determined for sets
of earthquake hypocenters contained in the SCEDC catalogue (without
declustering) for 0.1◦ latitude by 0.1◦ longitude cells for each year from
1982 to 2020. (A) represents the period prior to a large earthquake,
in which bLS values follow no particular pattern. (B) represents the
decrease in bLS values from the year prior and the year of the large
earthquake near the earthquake’s epicenter. (C) represents the increase
in bLS values after the large earthquake near the earthquake’s epicenter.
Finally, the cycle returns to (A) once the bLS values stop increasing.



60

Figure 21. Schematic of evolution of spatial D2 values with respect
to proximity and timing of a large earthquake, example for the 1999
M 7.1 Hector Mine earthquake. These values were determined for sets
of earthquake hypocenters contained in the SCEDC catalogue (without
declustering) for 0.1◦ latitude by 0.1◦ longitude cells for each year from
1982 to 2020. A) represents the period prior to a large earthquake,
in which D2 values follow no particular pattern. (B) represents the
increase in D2 values from the year prior and the year of the large
earthquake near the earthquake’s epicenter. (C) represents the decrease
in D2 values after the large earthquake near the earthquake’s epicenter.
Finally, the cycle returns to (A) once the D2 values stop decreasing.
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Appendix

Each figure in the appendix contains a set of four spatial distribution maps for each

year from 1982 to 2020. For each figure, the map in the top left shows the spatial

distribution of bLS values, the map in the top right shows the spatial distribution of

bML values, the map in the bottom left shows the spatial distribution of D2 values, and

the map in the bottom right shows the spatial distribution of earthquake epicenters.

These values were determined for sets of earthquake hypocenters contained in the

SCEDC catalogue (without declustering) for 0.1◦ latitude by 0.1◦ longitude cells for

each year from 1982 to 2020.
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Figure A.1. Sets of spatial distribution maps for 1982.
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Figure A.2. Sets of spatial distribution maps for 1983.
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Figure A.3. Sets of spatial distribution maps for 1984.
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Figure A.4. Sets of spatial distribution maps for 1985.
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Figure A.5. Sets of spatial distribution maps for 1986.
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Figure A.6. Sets of spatial distribution maps for 1987.
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Figure A.7. Sets of spatial distribution maps for 1988.
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Figure A.8. Sets of spatial distribution maps for 1989.
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Figure A.9. Sets of spatial distribution maps for 1990.



77

Figure A.10. Sets of spatial distribution maps for 1991.
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Figure A.11. Sets of spatial distribution maps for 1992.
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Figure A.12. Sets of spatial distribution maps for 1993.
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Figure A.13. Sets of spatial distribution maps for 1994.
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Figure A.14. Sets of spatial distribution maps for 1995.
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Figure A.15. Sets of spatial distribution maps for 1996.
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Figure A.16. Sets of spatial distribution maps for 1997.
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Figure A.17. Sets of spatial distribution maps for 1998.
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Figure A.18. Sets of spatial distribution maps for 1999.
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Figure A.19. Sets of spatial distribution maps for 2000.
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Figure A.20. Sets of spatial distribution maps for 2001.
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Figure A.21. Sets of spatial distribution maps for 2002.
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Figure A.22. Sets of spatial distribution maps for 2003.
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Figure A.23. Sets of spatial distribution maps for 2004.
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Figure A.24. Sets of spatial distribution maps for 2005.
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Figure A.25. Sets of spatial distribution maps for 2006.
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Figure A.26. Sets of spatial distribution maps for 2007.
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Figure A.27. Sets of spatial distribution maps for 2008.
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Figure A.28. Sets of spatial distribution maps for 2009.
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Figure A.29. Sets of spatial distribution maps for 2010.
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Figure A.30. Sets of spatial distribution maps for 2011.
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Figure A.31. Sets of spatial distribution maps for 2012.
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Figure A.32. Sets of spatial distribution maps for 2013.



100

Figure A.33. Sets of spatial distribution maps for 2014.
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Figure A.34. Sets of spatial distribution maps for 2015.
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Figure A.35. Sets of spatial distribution maps for 2016.
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Figure A.36. Sets of spatial distribution maps for 2017.
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Figure A.37. Sets of spatial distribution maps for 2018.
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Figure A.38. Sets of spatial distribution maps for 2019.
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Figure A.39. Sets of spatial distribution maps for 2020.


