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EPIGRAPH

And no one showed us to the land
And no one knows the where’s or why’s
But something stirs and something tries

And starts to climb toward the light

Echoes, Pink Floyd

Science is a way of thinking much more than it is a body of knowledge.

Carl Sagan

If my words did glow with the gold of sunshine
And my tunes were played on the harp unstrung
Would you hear my voice come through the music?
Would you hold it near as it were your own?

Ripple, Grateful Dead
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ABSTRACT OF THE DISSERTATION

Improving Understanding of Earthquake Source Mechanics through Stress Drop and
High-Frequency Radiation Content Analysis

by

Ian Vandevert

Doctor of Philosophy in Earth Sciences

University of California San Diego, 2026

Professor Peter M. Shearer, Co-Chair
Professor Wenyuan Fan, Co-Chair

Earthquakes produce damaging ground motions generally increasing with their

size, or moment. Moment reflects the low-frequency energy that an earthquake radiates,

but earthquakes of similar moment can produce very different amounts of high-frequency

shaking that is destructive to infrastructure. Stress drop, the change in average shear

stress across a fault due to a rupture, is a geophysical parameter often used to quantify

this variation. For earthquakes without surface rupture or deformation, stress drop must

be inferred from the earthquake’s radiated waves. This inference requires assumptions

about rupture models, attenuation models, and signal-processing parameter choices, such

xv



that studies using similar methods can differ by an order of magnitude or more in their

estimates of the same event. Relative stress drop between events is better constrained,

and can reveal robust spatial variations in high-frequency content, but is still susceptible

to bias due to model and parameter assumptions. The normalized frequency index (nFI)

is an alternative measure of the relative amount of high-frequency radiation, computed

directly from observed spectra and corrected empirically for path, station, and magnitude

effects. The nFI requires fewer assumptions and is simpler to compute, especially for

large datasets, yet still correlates with stress drop. Determining spatial patterns in

high-frequency radiation content has direct implications for improving seismic hazard

models.

In Chapter 2, we compute stress drops from P- and S-wave spectra of the 2019

Ridgecrest earthquake sequence.

In Chapter 3, we develop the normalized frequency index, which quantifies the

variation in high-frequency radiation. We apply this method to the same dataset as in

Chapter 2.

In Chapter 4, we compute the normalized frequency index for 30 years of California

seismicity, explore its spatial variation, and compare it to several geophysical parameters.

Finally, Chapter 5 discusses conclusions and possible future work.
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Chapter 1

Introduction

Earthquakes are among the most destructive types of natural disasters in modern

times. Between 1980 and 2009, Doocy et al. (2013) estimated that over 61 million people

were directly affected by earthquakes, including over 350,000 killed and nearly 1 million

injured. Earthquakes cannot be predicted and while earthquake early warning systems

can help protect lives and infrastructure by providing seconds to minutes of warning

before damaging waves arrive, they trigger only after the first seismic waves are detected.

Limiting earthquake risk before an event occurs instead requires characterizing where

seismic hazard is concentrated (e.g. Wesnousky , 1986; Field et al., 2014). Understanding

the mechanics of how earthquakes rupture is crucial for refining seismic hazard maps.

The size of an earthquake is often quantified by its magnitude (M). Events smaller

than about M3 are generally not felt by humans, while those above about M5.5 begin to

cause significant damage. While large earthquakes are typically more damaging, smaller

earthquakes are far more common; for each unit decrease in magnitude, the number of

events increases by roughly a factor of 10 (Richter , 1935; Utsu, 2002b). Events smaller

than M1 are routinely detected by seismic networks, so any regional earthquake catalog

will be dominated by smaller events. Several different earthquake magnitude scales exist,

but all are roughly connected to the local magnitude (ML), an empirical scale introduced

by Richter (1935) and colloquially known as the Richter scale, which remains common
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in news and media coverage of earthquakes. It is related to peak observed seismogram

amplitudes and is simple to compute, but has no direct physical interpretation and is

prone to saturation, an effect that causes an underestimation of magnitude for large events

(Hanks and Kanamori , 1979).

A better-defined measure of earthquake size is the scalar seismic moment (M0),

which relates earthquake size directly to rupture geometry:

M0 = µAD (1.1)

where µ is the shear modulus, A is the fault area, and D is the average fault displacement.

From the seismic moment, Kanamori (1977) and Hanks and Kanamori (1979) derived the

moment magnitude (MW),

MW =
2

3
[log10M0 − 9.1]. (1.2)

Because MW is based on seismic moment rather than peak shaking, it does not saturate

and can describe an earthquake of any size. It is designed to agree approximately with

the local magnitude scale for earthquakes 3 ≤ ML ≤ 7. For large earthquakes, M0, and

therefore MW can be measured accurately from surface displacements, geodetic data, and

long-period waves. For small earthquakes without geodetic constraints, estimating MW is

typically done using the long-period spectral level.

While magnitude describes the size of an event, earthquakes of the same magnitude

can produce different amounts of high-frequency damaging ground motion. Some of this

variation is related to station location with respect to the source, i.e., arising from the

radiation pattern of a double-couple source or from directivity. However, some variation

reflects actual differences in the average properties of the source radiation, which could

arise from rupture dynamics and slip geometry. Moment magnitude alone cannot capture

these differences. Because of tradeoffs between A and D (Equation 1.1), MW does not
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distinguish large slip on a small fault from small slip on a large fault, even though the

two radiate different amounts of high-frequency energy. Characterizing source variability

commonly falls to the earthquake stress parameter, or stress drop (∆σ), which is the

average change in shear stress across a fault due to an earthquake. Higher ∆σ corresponds

to relatively more high-frequency energy in an earthquake’s spectrum.

For a circular fault of radius r, Eshelby (1957) derived

∆σ =
7πµD

16r
=

7M0

16r3
, (1.3)

where the second equality follows from Equation 1.1. This relation connects ∆σ to the

rupture dimension (r for a circular rupture). For sufficiently large earthquakes, r can be

constrained directly from geodetic data, so ∆σ follows from Equation 1.3. For smaller

earthquakes where r is not directly observable, ∆σ must be inferred from the radiated

seismic waves alone.

Brune (1970) introduced a model, now widely used, for the shape of the radiated

far-field displacement spectrum, which has the form

u(f) =
Ω0

1 + (f/fc)n
, (1.4)

where Ω0 is the long-period spectral level, which is proportional to M0, n is the high-

frequency falloff rate (n = 2 for the standard Brune model), and fc is the corner frequency.

The corner frequency is the frequency at which the spectrum transitions from the flat

long-period level to its high-frequency decay rate of f−n. On average, observed spectra

are well approximated by Brune spectra (e.g. Abercrombie, 1995; Shearer et al., 2006).

However, variations in how Equation 1.4 is fit to individual spectra greatly influences Ω0

and fc estimates, which in turn influence ∆σ.

Dynamic rupture simulations connect the displacement spectrum of an earthquake
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(Equation 1.4) to its stress drop (Equation 1.3). Madariaga (1976) was the first to derive

the relation between fc and r from a dynamic simulation of a circular expanding fault, and

later studies have developed more sophisticated models (e.g., Kaneko and Shearer , 2014).

Because such simulations specify the rupture geometry and stress drop, they predict the P

and S waveforms and spectra that would be observed under idealized conditions with no

path effects or attenuation. These rupture simulations relate the fault rupture dimension

to the resulting spectrum’s fc, and allow ∆σ to be estimated:

∆σ =
7

16

(
f c

kβ

)3

M0, (1.5)

where f c is the spherically-averaged corner frequency to average out azimuthal variations,

β is the shear wave speed, and k is a parameter that depends on both the rupture model

and seismic phase. Models generally predict a higher fc for P-waves than for S-waves, so

P-wave k values are lower than those for S-waves.

A complication in computing spectral stress drop is that the observed spectrum is

a function of source, path, and station effects. This is generally modeled as a convolution

in the time domain, or a product in the frequency domain. In logarithmic amplitude, it

becomes a sum of log terms:

D(f) = E(f) + P (f) + S(f) (1.6)

where D(f) is the observed log spectrum; E(f) is the event term representing source

variability; P (f) is the propagation term, which includes heterogeneity along the raypath,

attenuation, and geometric spreading; and S(f) is the station term representing station-

specific effects, including near-site effects and instrument response. Recovering the event

term E(f), which carries the source information, therefore requires separating it from the

path and station terms. This can be done using the empirical Green’s function (EGF) or
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spectral ratio method, where the spectra of colocated events are divided to cancel their

shared path and station terms (e.g., Mueller , 1985; Hough, 1997; Abercrombie et al., 2017;

Shimmoto, 2022).

Another approach to extracting the event term from Equation 1.6 is to apply

spectral decomposition, which is an empirical method to separate path and station effects

from observed spectra (e.g. Andrews , 1986; Shearer et al., 2006; Oth et al., 2011; Trugman,

2020). The observed spectra are cast as an inverse problem that extends Equation 1.6:

dij = ei + tk(i,j) + sj + rij, (1.7)

where, for event i and station j, dij is the observed log displacement spectrum, ei is the

event term, sj is the station term, tk(i,j) is the propagation term for ray path k between

event i and station j, and rij is the residual term. The solution to Equation 1.7 is

non-unique; for a pair of terms on the right side of the equation, a constant could be added

to one and subtracted from the other without affecting dij. This ambiguity can resolved

in different ways (e.g., Andrews , 1986; Shearer et al., 2006; Oth et al., 2011; Trugman and

Shearer , 2017a; Bindi et al., 2020a), all of which require making assumptions about the

source or path properties that cannot be obtained directly from the data.

The last several decades have produced numerous stress-drop studies based on

spectral decomposition, spectral ratio, and other methods. One common theme is that

stress drop estimates are highly uncertain; even studies that use the same technique

and dataset often produce stress drop estimates that differ by orders of magnitude. The

Community Stress Drop Validation Study (Baltay et al., 2024; Abercrombie et al., 2025a)

was designed to quantify this uncertainty by aggregating corner frequency and stress

drop estimates from independent groups using a range of techniques on the Ridgecrest

aftershock sequence. It is becoming clear that observational approaches to correcting

attenuation and estimating ∆σ are unstable, and typically suffer too many parameter
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tradeoffs to yield reliable results (Shearer et al., 2019). The validation study also found,

however, that although absolute ∆σ estimates are inconsistent between studies, relative

∆σ was consistent for M≥ 2.5 earthquakes, in agreement with earlier work (Shearer et al.,

2019; Pennington et al., 2021). Absolute ∆σ may therefore be unreliable, but whether an

earthquake has higher- or lower-than-average ∆σ can still be resolved.

Informed by these insights, Shearer et al. (2022) developed a type of P-wave spectral

decomposition which assumes a fixed corner frequency for small earthquakes near each

target event. This eliminates the possibility of resolving the absolute level of stress drop

for small earthquakes but has the advantage of stabilizing the spectral decomposition

approach and ensuring that any observed spatial variations in larger earthquake stress

drops are real and not an artifact of inaccurate path corrections. Chapter 2, in its entirety,

is a reprint of Vandevert et al. (2024), which applies a similar spectral decomposition

technique to the 2019 Ridgecrest aftershock sequence and extends the method to include

both P and S waves.

Stress drop has long been used to quantify variability of earthquake high-frequency

radiation, but it does so indirectly and imprecisely. Alternate methods of measuring

earthquakes by their high-frequency radiation have some precedent, but have not been

widely adopted. For example, noting the problems with stress drop, Atkinson and Hanks

(1995) and Atkinson and Beresnev (1997) proposed a magnitude scale based on the high-

frequency acceleration spectral level, as this is more closely related to ground motions.

Building upon these ideas, we developed the normalized frequency index (nFI), a parameter

that directly quantifies an earthquake’s relative of high-frequency content. nFI requires no

assumed spectral shape or rupture model, and removes path and station effects empirically

rather than through an attenuation model. Although nFI is not intended as a proxy

for ∆σ, it correlates with previous stress drop estimates, indicating that it captures the

relative high-frequency variation with fewer assumptions and using only the observed data.

Chapter 3, in its entirety, is a reprint of Vandevert et al. (2026). We computed P-
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and S-wave nFI for the 2019 Ridgecrest aftershock sequence (Baltay et al., 2024) and

analyzed its spatial variation, depth dependence, and correlation with stress drop. We

also conducted synthetic tests to characterize nFI’s sensitivity to parameter changes. We

found that nFI exhibited spatial variations consistent with ∆σ from Vandevert et al.

(2024), and also consistent with the many other groups in the Abercrombie et al. (2025a)

review of results for the Ridgecrest validation exercise. In addition, P- and S-wave nFI

computed independently correlate well without any parameter tuning.

Chapter 4 extends the nFI method to seismicity across California over a 30-year

period (1995–2024). Whereas Chapter 3 examined a single aftershock sequence, this study

produces the first statewide characterization of high-frequency source variability, taking

advantage of California’s dense network coverage and diverse tectonic settings. We map

the spatial distribution of nFI at regional and local scales and test whether it correlates

with other geophysical properties, such as focal mechanism, heat flow, hypocentral depth,

and timing of last slip on a fault. We find that nFI is lower in regions with high heat flow

and geothermal features. We observe a small increase in nFI with depth and a decrease

with the timing of last slip. Our results show that nFI resolves coherent, spatial variations

in relative high-frequency earthquake radiation, and suggests its relevance for regional

ground-motion and seismic hazard models.

Earthquakes of similar magnitude produce differing amounts of damaging high-

frequency ground motion. The following chapters of this dissertation show that some of this

variation is spatially coherent and correlates with other geophysical parameters, indicating

that it reflects real differences in the earthquake source rather than measurement scatter

or some processing artifact. Stress drop, the parameter most widely used to quantify

this variation, has high uncertainty and is limited by the assumed spectral and rupture

models it depends on. nFI offers a more direct, data-driven alternative, one that resolves

these patterns without the modeling assumptions that can bias stress drop estimates.

Understanding this variability and incorporating it into ground-motion and seismic hazard
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models is a promising direction for reducing earthquake risk before an event occurs.
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Chapter 2

Ridgecrest Aftershock Stress Drops
from P- and S-Wave Spectral De-
composition

2.1 Introduction

Stress drop reveals earthquake rupture dynamics and faulting conditions and

correlates with the associated strong ground motions (Hanks and McGuire, 1981; Shearer

et al., 2006; Trugman and Shearer , 2018). However, reliably obtaining stress drop for small

earthquakes (M<5.5) is challenging, due to limitations in observations and an imperfect

understanding of the Earth structure and earthquake rupture processes (Abercrombie,

2021; Hardebeck , 2020). In practice, stress drops of small earthquakes are often estimated

in the frequency domain by fitting a theoretical model to the earthquake’s source spectrum

(e.g. Prieto et al., 2004), which is obtained from observations after removing path effects,

including attenuation and the near-surface site response. There are many theoretical models

of the source spectrum, but they are all idealized and based on simple fault geometries and

homogeneous slip, such as the Brune (Brune, 1970) and Boatwright (Boatwright , 1980)

models. Both the model assumptions and the source-spectrum measurement procedure

can introduce errors in stress-drop estimates (e.g., Abercrombie, 2021), and stress-drop

estimates of similar-sized earthquakes can differ by up to three orders of magnitude (e.g.,
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Allmann and Shearer , 2009). This large uncertainty hinders progress in resolving the true

rupture variability and faulting conditions of earthquakes, consequently affecting hazard

mitigation and risk assessment.

Various empirical approaches have been developed to remove path effects from

seismic records to resolve the source spectrum (e.g. Shearer et al., 2006; Huang et al.,

2016). Some approaches explicitly solve for a path term, while others use records of

smaller, adjacent earthquakes to approximate the path term, which can cause differences

in stress-drop estimates for the same earthquakes (e.g. Shearer et al., 2019). Stress-drop

estimates also differ when using different data types, such as P- and S-waves (Trugman,

2020; Bindi et al., 2021), and different choices for the theoretical model can introduce

additional variations in the estimates (e.g., Cotton et al., 2013; Fan and McGuire, 2018).

In general, P-wave spectra have good signal-to-noise extending to higher frequencies than

S waves, allowing better resolution of high-frequency falloff rates and small-earthquake

corner frequencies. S-wave spectra suffer from contamination from P coda, especially at

closer distances, but typically have higher amplitudes, making them more directly related

to strong ground motion measures (e.g., peak velocity) and earthquake moment estimates.

To systematically investigate stress-drop estimate differences observed in different studies,

the Ridgecrest stress drop validation study (Baltay et al., 2024) aims to identify the sources

of variability and quantify the uncertainty in earthquake stress drops by comparing results

from different groups using a common set of data and earthquakes.

Here we contribute to the Ridgecrest validation exercise by applying the spectral

decomposition method (Shearer et al., 2006; Trugman and Shearer , 2017a) to both P-

and S-waves for the same set of earthquakes and comparing the results step by step. Our

specific approach has the advantage of resolving relative differences between estimates

of larger earthquakes by fixing the corner frequencies of the smallest earthquakes in

the analysis (Shearer et al., 2022; Ruhl et al., 2023). We examine our P- and S-wave

stress-drop estimates as a function of magnitude and location, as well as the associated
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source parameters such as seismic moment, corner frequency, and high-frequency falloff

rate. We find that our average stress-drop estimates from P and S waves can be brought

into approximate agreement through careful selection of the S-wave small-earthquake

corner frequency and high-frequency falloff rate. The two sets of estimates share similar

relative differences within each group and their spatial distributions are highly correlated,

regardless of parameter choices.

2.2 Data

We participate in the Community Stress Drop Validation Study (Baltay et al.,

2024) and use the common dataset of the 2019 Ridgecrest earthquake sequence to estimate

stress drops. The dataset includes both a relocated earthquake catalog and the associated

waveforms, curated from the Southern California Earthquake Data Center (Trugman,

2020; SCEDC , 2013). We analyze 12,943 earthquakes with magnitudes (M) greater than

1, occurring between 4 and 18 July 2019 (Fig. 2.1), including the M 6.4 foreshock on

4 July and M 7.1 mainshock on 5 July. These earthquakes occurred within latitudes

of 35.5° to 36.0° and longitudes of -117.75° to -117.33°. The earthquakes have different

catalog magnitude types (Fig. 2.1; SCEDC , 2013); 120 M>3.3 earthquakes are assigned

moment magnitude (MW) and the remaining events have local magnitude (ML). The P-

and S-waveforms are from 61 seismic stations in the area. For the events of interest, we

use three-component velocity records (EH and HH), sampled at 100 Hz, within one degree

of epicentral distance to estimate their source parameters. Records with different sampling

rates are resampled at 100 Hz. We use vertical components for the P-wave analysis and

horizontal components for the S-wave analysis. The number of records that are eventually

used to estimate stress drops is shown in Fig. 2.2. For P-waves, the median number of

records per event is about 10 for M<2 earthquakes and 20 for M>2 earthquakes. For

S-waves, the median number of usable records is about 20 for M>2 earthquakes (Fig. 2.2).
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Figure 2.1. Spatial distribution of 12,943 events (black dots) in the 2019 Ridgecrest
Earthquake Sequence dataset (Baltay et al., 2024), the 61 nearby seismic stations (orange
triangles), and the focal mechanisms of the two largest events from SCEDC (2013): the
M7.1 mainshock and a M 6.4 foreshock. Blue fault traces are from DuRoss et al. (2020).
The upper-right inset shows the magnitude distribution of the events below M 5. The
lower-left inset shows the greater southern California region with all seismic stations used
in this study, as well as the spatial extent of the main figure.
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Figure 2.2. Number of records passing station-to-noise requirements used in spectral
decomposition versus catalog magnitude for both P-waves (panel A) and S-waves (panel
B). Red squares show binned medians for bin widths of M 0.2.

2.3 Methods

We apply a spectral decomposition method (Shearer et al., 2022) to compute the

earthquake source spectra and infer their source parameters, including corner frequency

(fc), scalar seismic moment (M0), and stress drop (∆σ). We first compute the Fourier

spectrum of the P- or S-wave record at each station, with a signal window starting 0.15 s

before the phase arrival. The window length is 1.28 s for M≤3.28 earthquakes and 2.56 s

for larger events. Since we use a shorter time window than Shearer et al. (2022), who used

1.5 s windows for events below M3.4, we also use a lower magnitude cutoff of M3.28. We

use catalog phase picks when available and compute the arrival times using the Hadley-

Kanamori 1D velocity model for the others (Hadley and Kanamori , 1977). We detrend

the time series using twice the length of the signal window with the second half as the
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signal window and the preceding window defined as the noise window. We apply a Hann

taper to the signal window before computing its displacement spectra from the velocity

record. We measure the noise level by computing the noise-window Fourier spectrum

following the same procedure. For S-wave spectra, the noise window may contain some of

the P wavetrain. From the spectra, we compute an average signal-to-noise ratio (SNR)

for each record to evaluate the data quality, which is defined as the ratio of the average

signal spectrum amplitude to the average noise spectrum amplitude between 2.5 and 6 Hz.

Spectra with SNR less than 5 are removed from further analysis. Following Shearer and

Abercrombie (2021), we do not apply a signal-to-noise ratio requirement at frequencies

above 6 Hz to reduce selection bias effects, which may lead to preferentially retaining

records from higher stress drop earthquakes. An example of our waveform windowing and

spectra computation process is shown in Fig. S1 in the electronic supplement. Although

the multitaper approach (Prieto, 2022) has been widely used to analyze seismic spectra,

we opt to use the Hann taper to avoid over-smoothing the spectra at low frequencies.

Examples of multitaper smoothing effects are discussed in Prieto et al. (2007) and Shearer

and Abercrombie (2021).

Using the displacement spectrum, we apply a spectral decomposition method

(Shearer et al., 2006) to separate the station and attenuation effects and the earthquake

source spectra. The technique models the observed spectrum as a sum of log amplitude

terms at each frequency,

dij = ei + sj + tk(i,j) + rij, (2.1)

where ei is the event-specific source term for the ith earthquake containing information

about rupture dimension and duration, sj is the station-specific term for the jth station

representing near-station effects and the station response, and dij is the displacement

spectrum for the event-station pair. Here, and in the following sections, we take the
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logarithm to be base-10. The travel-time term tk(i,j) is discretized at 1-s travel time

intervals (estimated based on the same 1-D velocity model used for computing phase

arrival times), the event-station distance, and the event depth. We aim to minimize the

residual term rij using an iterative, robust inversion process to solve for the other terms

(Trugman and Shearer , 2017a). This is similar to other generalized inversion methods that

have been applied to analyze large datasets (e.g., Oth et al., 2011; Bindi et al., 2009), and

is applied to all events across the entire study region. Source spectral estimates can be

biased by directivity effects and incomplete averaging of spectra over the focal sphere (e.g.,

Kaneko and Shearer , 2014). However, station coverage around the Ridgecrest aftershocks

is fairly uniform (see Fig. 2.1) without large azimuthal gaps, enabling us to use all records

that meet our selection criteria.

With the formulation (Eqn. 2.1) in spectral decomposition, there are ambiguities

between different terms in that a constant function could be added to one term and

subtracted from another without changing the fit. This ambiguity can be removed by

assuming certain properties for the average source spectra, such as a self-similar Brune

source model (Shearer et al., 2006). We use the general source spectral model

u(f) =
Ω0

1 +
(

f
fc

)n , (2.2)

where u(f) is the source spectrum, Ω0 is the zero-frequency spectral level (proportional

to logM0), n is the high-frequency falloff rate (n = 2 for the Brune model), and fc is the

corner frequency. We assume that M = 1.5 ± 0.1 and M = 2 ± 0.1 earthquakes have

average corner frequencies of 30 Hz and 17 Hz for P- and S-waves respectively, and use

differences between their modeled spectra and the observations to estimate the empirical

correction spectrum (ECS) that can be added to the event terms to resolve the ambiguities

in Eqn. 2.1 (Shearer et al., 2006, 2022).

The assumed average corner frequencies for the small magnitude calibration earth-
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quakes are guided by the borehole seismometer results in Abercrombie (1995), which

sample below the highly attenuating near-surface layers. By fixing small earthquake corner

frequencies in this way, we reduce the number of unknowns and stabilize the inversion.

Following Shearer et al. (2022), we allow the ECS function to vary with source location to

accommodate the possibility of lateral variations in attenuation. This is done by selecting

reference small-magnitude calibration events for each target event that are within 2 km

in depth and 10 km horizontally. To ensure that the ECS is well-resolved, we require a

minimum of 10 calibration events to include the target event in our final results. This

approach dampens any spatial variations in the average stress drop of small earthquakes,

but has the great advantage of being able to robustly resolve stress-drop variations of

larger events.

2.3.1 P-wave Analysis

For the P-wave analysis, we use M 1.5 ± 0.1 earthquakes as calibration events

for each target earthquake, and obtain an event-specific ECS by assuming their average

corner frequency is fc = 30 Hz with a high-frequency falloff rate of n = 2 (Eqn. 2.2). The

target earthquake’s source spectrum is then obtained using this ECS, and we measure the

low-frequency spectral level Ω0 as the relative moment and corner frequency fc for the event

by fitting a Brune model (Eqn. 2.2) with a high-frequency falloff rate of n = 2. The fitting

procedure evaluates the difference between the modeled and observed source spectrum in

a frequency range from 2.5 to 35 Hz where there is generally a good signal-to-noise ratio.

Note that we allow the best-fitting target event corner frequency to be above 35 Hz, but

these high corner frequencies are less reliably resolved that those found within the usable

data bandwidth. However, it is important to retain these high-corner-frequency events

when computing median stress drops to avoid possible selection bias. (Shearer et al., 2006,

2022).

The seismic moment M0is linearly proportional to Ω0, and we compute a single
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empirical scaling factor between catalog M0 and our observed Ω0 using events with catalog

MWvalues between 3.5 and 4.5 (Fig. 2.3). We compute the median estimated logM0 for

both MLbins (red boxes) and MWbins (blue boxes) of width 0.2 magnitude in Fig. 2.3,

and fit lines separately to the small (M < 3.4) MLearthquake bins, and medium (3.4 ≤ M

< 5.1) MWearthquake bins. We find slopes of 0.98 and 0.92 for the MLand MWearthquakes

respectively. Using the empirical scaling factor, we convert the relative moments (Ω0)

of all earthquakes to absolute moment estimates (M0) and finally their corresponding

MWestimates (Hanks and Kanamori , 1979).
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Figure 2.3. Catalog magnitude versus estimated log moment for P-wave (panel A) and
S-wave (panel B) datasets, separated into two groups: earthquakes with only a local
magnitude (black dots) and earthquakes with a catalog moment magnitude (blue Xs).
Each group is binned separately using a bin width of M 0.2 (red and blue squares), and the
best-fitting line to the resulting bins is shown for local magnitudes (red line) and moment
magnitudes (blue line). The approximate slopes are shown next to each line. Note that
local magnitude earthquakes above M 3.4 are not used in fitting the lines.

From the estimated fc and M0values, we estimate Brune stress drops (Brune, 1970;

Madariaga, 1976; Abercrombie, 1995) as:

∆σ =
7

16

(
fc
kβ

)3

M0, (2.3)
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where we use values of kP = 0.38 for P-waves and kS = 0.26 for S-waves (Kaneko and

Shearer , 2014), and S-wave velocity is taken as β = 3.464 km/s. The effects of using a fixed

depth-independent β are explored further in the Discussion section below. Our P-wave

analysis method is similar to that in Shearer et al. (2022). The two analyses differ in:

the datasets used; the distance range for the ECS calibration earthquakes, within 10 km

horizontally in this study instead of 5 km in Shearer et al. (2022); our use of the Hann

taper rather than multitapers for computing spectra; and that we use catalog MWvalues

to determine the Ω0 to M0 scaling factor. A summary of model parameters is given in

Table 2.1.

2.3.2 S-wave Analysis

We apply a similar method to analyze the S-waves, but with different processing

parameters. Limited by the low signal-to-noise ratios observed at high frequencies for

S-waves, we found the S-wave spectral decomposition results are unstable when using M 1.5

earthquakes as calibration events as in the P-wave analysis. Instead, we use M 2 ± 0.1

earthquakes as the calibration events with a fixed average corner frequency of fc = 17 Hz

and a falloff rate of n = 1.8 to compute event-based ECS terms (Eqn. 2.2). The fc value is

obtained by trial-and-error so that the average stress drops obtained from S-waves for M 2

events agree with the P-wave results, and fc = 17 Hz is also within the range of values for

M 2 earthquakes seen in the borehole results of Abercrombie (1995).

The S-wave source spectra have better signal-to-noise at lower frequencies than

those of P-waves but have poorer signal-to-noise at high frequencies. We find that the

S-wave spectra generally have reliable signals in the 1.5 and 15 Hz band, and we use this

band to estimate corner frequency and relative moment. We estimate Ω0 and fc for each

target event by fitting the model using a similar approach as applied to the P-waves, except

the falloff rate is set to n = 1.8. As in the case of P waves, we allow the best-fitting corner

frequency to be above the upper limit of the fit (15 Hz for S waves). The relative moment
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Table 2.1. Model parameters used in this study.

P-wave Analysis S-wave Analysis

Window length (≤ M3.28) 1.28 s 1.28 s
Window length (> M3.28) 2.56 s 2.56 s
Seismogram component vertical horizontal
Calibration eq. size M1.4–M1.6 M1.9–M2.1
Calibration eq. assumed fc 30 Hz 17 Hz
Calibration eq. n 2.0 1.8
k 0.38 0.26
Model fit freq. range 2.5–35 Hz 1.5–15 Hz

Ω0 is then converted to M0using the same process as for the P-waves (Fig. 2.3). We find

slopes of 0.89 and 0.63 for the the ML(M < 3.4) and MW(3.4 ≤ M < 5.1) earthquakes

respectively. The moment and corner frequency measurements from S-waves are finally

used to estimate a second set of stress drops. The falloff rate of n = 1.8 produces a slower

high-frequency decay than the standard Brune model with n = 2. This parameter choice

was selected to have the S-wave moment and stress-drop estimates that roughly agree with

the P-wave estimates on average. A summary of model parameters is given in Table 2.1.

We discuss the details in the following sections.

2.4 Results

We find that the estimated relative log moment (logM0 ) scales differently with

the catalog magnitudes for P- and S-waves. This difference appears marginal for the

MLearthquakes at lower magnitudes with slopes of 0.98 for the P-wave results and 0.89

for the S-wave results (Fig. 2.3). For M>3.4 earthquakes, the slopes are 0.92 for P-waves

and 0.63 for S-waves (Fig. 2.3). Consequently, the estimated M0agree well between the

P-wave and S-wave results for small events, but this agreement breaks down for the larger

MWearthquakes. Relative to the S-wave results, the P-wave moment estimates increasingly

underestimate M0for larger events (Fig. 2.4a).

We compare the corner frequency fc with the seismic moment logM0 in Fig. 2.5.
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Figure 2.4. Comparison between P-wave and S-wave spectral decomposition estimates of
log moment (panel A) and stress drop (panel B). Blue Xs depict earthquakes that have a
catalog moment magnitude.

The corner frequency should scale with the seismic moment for self-similar earthquakes.

To evaluate our results, we compute scaling lines (Eqn. 2.3) for constant stress drops

(∆σas 1, 10, and 100 MPa) with kP = 0.38 and kS = 0.26 for the P- and S-wave results

(Kaneko and Shearer , 2014). Both results appear to deviate from the constant-∆σscaling

lines, and the deviation is more prominent in the P-wave results (Fig. 2.5).

Our median stress-drop estimates are 14.3 MPa and 16.9 MPa for the P- and S-wave

results, respectively. For the same events, the P- and S-wave stress drops roughly agree,

albeit with larger scatter in comparison to the relative moment differences (Fig. 2.3).

This agreement between our P- and S-wave estimates results from both choosing

the calibration event corner frequencies as detailed above, and the choice of high-frequency

falloff rates (Fig. 2.6). For example, when fitting S-wave spectra using n values ranging

from 1.7 to 2, we find that the associated median stress drops increase with magnitude, with

a more pronounced effect when using a larger n. While P-wave results with n = 2 agree well

with S-wave results with n = 2 for the larger earthquakes (M > 3.4), we take stress drops

for these earthquakes to be less reliable because of the apparent magnitude-∆σscaling for
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magnitude. Results are binned by log moment with bin widths of 0.25. Equal stress drop
lines are shown as dashed gray lines. Note that we use k = 0.38 for P-waves, and k = 0.26
for S-waves following Kaneko and Shearer (2014).

smaller earthquakes. We choose the S-wave falloff rate based on agreement for earthquakes

smaller than M 3.4 and use the P-wave stress-drop estimates obtained with n = 2 as a

reference (Fig. 2.6a). Using n = 1.8 for S-waves yields general consistency between the two

groups of results. Additionally, we find that the median P-wave stress-drop estimates are

nearly constant for M<3.4 earthquakes, while displaying a linear increase with magnitude

for larger earthquakes. A similar stress-drop-magnitude relationship is also observed in

the S-wave results for n = 1.8, with a constant stress drop for the smaller earthquakes

(M< 3.4). However, n = 1.7 causes a slight decrease in stress drop with magnitude, and

n = 2 causes a slight increase for the same range.

We find no significant temporal variation of average stress drop in our results (see

Fig. S4 in the electronic supplement). However, our stress-drop estimates show structured

patterns in their spatial distributions with large variations for both the P-wave and S-wave
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results (Figs. 2.7 and 2.8). The spatial patterns and the associated variations are consistent

between the P-wave and S-wave results in both the along-strike and along-dip directions.

Note that in Figs. 2.7 and 2.8, we present the spatial variations of M>2 P-wave results

and M>2.5 S-wave results, i.e., not plotting the smallest magnitude events in each data
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set. This is to emphasize the greater resolution of spatial variations obtained for the larger

events, as the variations are suppressed near the calibration magnitudes of 1.5 and 2 for P

and S waves, respectively, where the average corner frequencies are fixed. Fig. 2.4b shows

that our P- and S-wave stress-drop estimates are highly correlated for events in common

but with considerable scatter. To study the correlation in more detail, we compute local

correlation coefficients between our P and S stress drops by using the nearest 20 events of

M ≥ 2.5 in common to each target event. These spatially-varying correlation coefficients

are plotted in Figs. S5 and S6 in the electronic supplement and show that the P and S

stress drops are correlated (r > 0.5) across most of the seismicity.

We find that earthquakes near the Coso geothermal field tend to have lower stress

drops, while events near the M 7.1 mainshock and the fault intersection region have higher

stress drops (Figs. 2.7). In Fig. 2.8, the along-dip profiles seem to suggest that there

is an increase in stress-drop estimates with depth, although this apparent trend is not

statistically significant, and the median stress-drop estimates at different depths are largely

constant with both P- and S-waves. Events shallower than 2 km tend to have lower stress

drops than the rest of the earthquakes. However, this apparent distinction may result

from the ECS terms, and we further discuss the uncertainties in the following section.

2.5 Discussion

Local magnitude MLand moment magnitude MWscale differently with seismic

moment M0obtained from the source spectrum (e.g. Utsu, 2002a; Shearer , 2019). MLwas

originally developed to quantify earthquake size in southern California (Richter , 1935). It

is proportional to the maximum log amplitude of a bandpass-filtered seismogram at a fixed

event-receiver distance. It is not defined based on physical rupture characteristics; MLcan

only be related to M0empirically. Studies based on small southern California earthquakes

have found that MLscales linearly with logM0 with a slope of approximately 1 (e.g. Shearer
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et al., 2006; Ross et al., 2016), so ML ≈ logM0 + C where C is a constant. Hanks and

Kanamori (1979) introduced moment magnitude MWby defining an earthquake’s moment,

M0, based on its rupture area, average slip, and shear modulus. MWscales exactly as

2
3
logM0 , so we expect a slope of 2

3
when plotting moment magnitude versus logM0 .

We find that small MLearthquakes roughly obey the relationship ML∝ logM0 in

both types of data; i.e. the slope of the best-fit line through the median bins is close to

unity. This agrees with the previous studies noted above, and confirms that the S-wave

method works for estimating M0of these smaller earthquakes. However, the P-wave method
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fails to capture the theoretical scaling relationship for the MWearthquakes, as reported

in Shearer et al. (2022). It was hypothesized that the M0estimation method caused the

mismatch, specifically that the low-frequency part of the spectrum is not a good estimate of

the zero-frequency amplitude for large earthquakes because of their lower corner frequencies

(Shearer et al., 2022). In contrast, the MWearthquakes roughly obey the theoretical 2
3

scaling relationship from M 3.4 up to about M 4.2 when using S-waves. We also observe

this one-to-one to 2
3
scaling transition in Fig. 2.4a in the direct comparison of P-wave and

S-wave estimated M0, where the small MLearthquakes have agreement, but for the larger

MWevents the S-wave moment estimates are larger than the P-wave estimates. This 2
3

scaling relationship seems to break down for MW ≥ 4.2 earthquakes when using S-waves.
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While a Brune model likely oversimplifies the actual rupture process (Abercrombie,

2021), it can be a useful average model when studying large numbers of events. A falloff

rate of 2 is commonly used for analyzing earthquake source spectrum, including in spectral

decomposition studies, but models using different falloff rates can sometimes fit spectra

equally well (e.g. Shearer et al., 2019). For consistency, we fit P-wave spectra using simple

Brune models (n = 2). We find that the P-wave ∆σis relatively constant up to about

M 3.4, then steadily increases with magnitude (Fig. 2.6). In experiments using different

falloff rates for the S-wave analysis, we find that a falloff rate of n = 2 results in increasing

∆σfor all magnitudes (Fig. 2.6). Conversely, a falloff rate of n = 1.7 results in a slight

decrease in ∆σthrough about M 3.4, then an increase with magnitude. Our parameter

choices (e.g., n = 1.8) for analyzing S-waves are guided by these numerical experiments

(Figs. 2.3–2.6). For M 2.5–4 events, the assumed high-frequency falloff rate n directly

affects the trend in median stress drop, in that higher values of n translate into a greater

increase in median ∆σwith magnitude. In this magnitude range, ∆σmoderately increases

with magnitude when using n = 1.8, which is more consistent with the original P-wave

results (Fig. 2.6d). However, all values of n we tested result in an increase in ∆σwith

magnitude. We note that the circular rupture modeling of Kaneko and Shearer (2014)

predicts generally lower S-wave falloff rates, although the physical significance of different

high-frequency falloff rates between P and S waves is unclear. However, the S-wave spectra

are fitted between 1.5 to 15 Hz, and the n = 1.8 falloff rate used in this study could

represent an interval at intermediate frequencies beyond which the spectrum steepens to

n = 2 (Ji and Archuleta, 2022).

The longer source duration of larger magnitude earthquakes requires a longer window

length in spectral source studies to capture the complete waveform. We use a window

length of 1.28 s for earthquakes of M<3.29, and 2.56 s for earthquakes of M 3.29 and above.

Spectra of the smaller earthquakes have a frequency resolution df ≈ 0.78 Hz, and spectra

of the larger earthquakes are resampled at the same frequencies. The earthquake seismic
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moment is estimated from the average of the 4th through 6th spectral points, around 2.3

to 3.9 Hz. Earthquakes with fc approaching this value will have higher uncertainty in

both fc and M0, and therefore higher uncertainty in ∆σ.

Self-similarity assumes that rupture size scales with magnitude for large and small

earthquakes, suggesting that stress drop does not change with magnitude (Aki , 1967).

This assumption has been challenged in recent years (e.g. Abercrombie, 2021; Bindi et al.,

2020a; Goebel et al., 2015). We find that P-waves with n = 2 and S-waves with n = 1.8

(Fig. 2.6a,b) obey self-similarity with relatively high median stress drops of 13.6 MPa

and 15.4 MPa for P- and S-waves for the smaller (M< 3.4) earthquakes, but depart from

similarity for larger earthquakes. Similar stress-drop-magnitude scaling has been reported

in Shearer et al. (2022), from which our method is originated.

This stress-drop-magnitude scaling relationship of the Ridgecrest sequence has been

reported in other studies that analyze P- and S- waves using similar spectral decomposition

methods. Trugman (2020) used P-waves to analyze ML 1.3–5.0 earthquakes and found

stress drop increases with magnitude, with median stress drops of about 1.2 MPa for M2

events, up to about 10 MPa for M4 events. Bindi et al. (2020b) used S-waves to study

M 2.5–7.1 events, and found a similar increase of stress drop with magnitude, with median

stress drops of about 2.5 MPa for M 3 events and about 5 MPa for M 5 events, and an

overall median stress drop of 3.0 MPa. In both studies, the median stress drops are less

than 10 MPa for all magnitudes. These observed scaling relationships might be due to

the choice of falloff rates (Fig. 2.6; Trugman, 2020) and the scaling is also likely related

to the ECS correction and its estimation procedure. When the spectral decomposition

event terms are stacked and averaged in bins by moment, the ECS gives the best fit of a

theoretical Brune source model to the stacks. The possibility of non-self-similar scaling

can be accommodated with a single parameter controlling a linear dependence of log stress

drop to log moment (Trugman, 2020; Trugman and Shearer , 2017a). For example, using

this approach, spectral data for five regions in southern California were best fit with models
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in which stress drop increased with magnitude (Trugman and Shearer , 2017a). However,

there are tradeoffs among the available parameters (e.g., small earthquake median stress

drop, stress-drop scaling with magnitude, high-frequency falloff rate) used to estimate

the ECS, challenging the ability of the method to reliably address the self-similarity issue

(Shearer et al., 2019). Following Shearer et al. (2022), we do not attempt to address the

scaling issue for M 1.5 to 3.5 earthquakes directly, but do find that the Ridgecrest stress

drops are approximately self-similar over this magnitude range when the average reference

event corner frequencies are set as 30 Hz and 17 Hz for P and S waves, respectively. We

observe an increase in stress drop with magnitude for M > 3.5, but, as discussed in Shearer

et al. (2022), this increase is unrealistic when extrapolated beyond M 5 and would be

reduced if smaller high-frequency falloff rates are assumed (n < 2), such as those seen in

double corner frequency models Ji and Archuleta (2022); Denolle and Shearer (2016).

2.5.1 Spatial Variation of Source Parameters

Stress drops of Ridgecrest aftershocks are heterogeneous and vary in space (Trugman,

2020; Bindi et al., 2021; Shearer et al., 2022). We evaluate stress drop variations along

two cross sections corresponding to the rupture planes of the MW7.1 Ridgecrest mainshock

and the MW6.4 foreshock (profile lines A-A’ and B-B’ in Figs. 2.7 and 2.8). We observe

spatially structured, lateral and vertical variations in average stress drops in both the P-

and S-wave results. These variations are coherent between the two set of estimates, i.e.,

we find clusters of high- and low-stress drop earthquakes in similar locations.

As shown in Fig. 2.7, we find lateral variations on the scale of kilometers, most

prominent in the cluster of low stress-drop earthquakes near the Coso geothermal field,

and also in a cluster of high stress-drop earthquakes just southeast of the M 7.1 mainshock.

Similar relative variations in stress drop are reported in Trugman (2020), albeit with

different absolute stress drops. We find no strong correlation between median stress drop

and depth for either cross section, except in the top 2 km where we observe clusters of low
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stress drop. Lower stress drops in shallow earthquakes has been observed in other studies,

which may result from inaccurate attenuation corrections (Abercrombie et al., 2021). In our

study, we implement an event-based ECS to correct the path effects, which could account

for depth-varying attenuation. However, we assume a fixed shear velocity (β in Eqn. 2.3),

not attempting to account for the slower S-wave velocities at shallow depths, and impose

a fixed average corner frequency to the reference small-magnitude events independently of

depth, which complicates the interpretation of the observed, apparent depth-dependent

pattern. Determining whether the observed increase in median stress drop in the top 5 km

is real would require accounting for the increase in shear velocity with depth (and likely

corresponding increase in rupture velocity) and the effect of our ±2-km-in-depth reference

event selection criteria in a region with strong vertical gradients and likely depth-dependent

attenuation. These issues are discussed at greater length in Abercrombie et al. (2021) and

Shearer et al. (2022) and deserve further study. Nonetheless, the observed low-stress-drop

clusters at shallow depth are significant, in that they appear in the larger magnitude

events in locations where the smaller magnitude events are constrained to have stress

drops closer to the median values.

Slip due to the M 6.4 and M 7.1 Ridgecrest mainshocks would result in a low-stress

zone where the slip occurred, bordered by a region of high-stress where rupture did not

occur (Harris , 1998). This might impact the stress drop distributions of the aftershocks

depending on their locations. By comparing to the Ridgecrest slip distribution from

Wang et al. (2020) (Fig. 2.8), we find no clear correlation between the slip model and our

stress-drop estimates. Further analysis of the stress drop versus slip relationship using

other finite fault models is shown in Fig. S7 in the electronic supplement. We compare

our estimates of stress drop to slip estimates from Ross et al. (2019), Xu et al. (2020),

Wang et al. (2020), Yue et al. (2021), Jin and Fialko (2020), Chen et al. (2020), and Liu

et al. (2019). Again, we find no clear correlation.

Woessner et al. (2006) found correlation between the mainshock stress drop dis-
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tribution and aftershock location, however did not look at individual aftershock stress

drops. A possible inverse correlation between fault slip and aftershock stress-drop was seen

by Shearer et al. (2006) for some areas along the 1992 Landers earthquake rupture, but

results were inconclusive for the entire fault. Folesky et al. (2024) examined stress drop

across a subduction zone in northern Chile and found that earthquakes closer to the fault

interface had lower stress drops than those above or below the interface. Another study,

Ruhl et al. (2023), found that the rupture area of the M 4.9 Mogul, Nevada earthquake

was preceded by high stress-drop foreshocks followed by fewer aftershocks in the same

area, but bordered by zones containing some high stress-drop aftershocks. Contrary to the

hypothesis that high-slip regions would have lower aftershock stress drops, we find examples

of high-stress-drop clusters within large-slip patches and also low-stress-drop clusters near

the edge of slip patches, such as at the north end of rupture and the shallow events

discussed previously. However, the aftershock zone has some width perpendicular to the

mainshock fault strike and aftershocks do not necessarily occur on the mainshock rupture

plane, i.e., they could occur on parallel or cross-cutting faults. Thus, the relationship

between mainshock slip and aftershock stress drop is likely complicated.

We find that the heterogeneous stress-drop distribution does not correlate with the

uniform fault zone structure inferred from in-situ Vp/Vs estimates (Lin and Fan, 2024).

Instead, we observe a qualitative correlation between our stress-drop distribution and the

regional 3D P-wave velocity structure (Zhang and Lin, 2014). We find that regions of low

P-wave velocity near the Coso geothermal field and at shallow depths above the M 6.4

hypocenter have low stress-drop estimates, while the area around the M 7.1 and M 6.4

hypocenters have high P-wave velocity and high stress drop, on average. This apparent

correlation could be caused by either an increase in rupture velocity associated with the

faster seismic velocities or a true increase in earthquake stress drop. This suggests that at

least some of the spatial differences observed in our study could simply be due to using a

constant β in Eqn. 2.3, where an overestimation would result in an underestimation of
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∆σ, and vice-versa. This finding warrants further study for this and other datasets.

2.6 Conclusions

We apply a spectral decomposition method to estimate source parameters, including

seismic moment, corner frequency, and stress drop, for the 2019 Ridgecrest earthquakes

using both P and S-waves. We find that the P- and S-wave results are consistent in absolute

values when assuming a high-frequency falloff rate of 2 and 1.8 for the two types of data,

respectively. Our results provide an observational base for future exploration in physical

causes of the different falloff rates between P- and S-waves. Although individual earthquakes

can have different estimates between the P- and S-wave results, we find coherent spatial

patterns and relative differences in the estimates, regardless of the parameter choices. These

spatial patterns have distinct structures in the Ridgecrest fault system, with earthquakes

near the Coso geothermal field showing lower stress drops, while earthquakes near the

M 7.1 hypocenter have higher stress-drop estimates. We find no strong depth-dependence

of the stress-drop estimates, or correlation with the M 7.1 Ridgecrest earthquake slip

distribution. We show that P- and S-waves can yield consistent stress-drop estimates with

careful parameter choices, and the observed stress-drop distributions likely result from

either heterogeneous fault environments or the effects of 3D seismic velocity structures.

2.7 Data Availability and Resources

The results described here were obtained from the datasets for the Ridgecrest stress

drop validation study, which can obtained from https://scedc.caltech.edu/data/stressdrop-

ridgecrest.html.

Supplemental Material for this article includes estimated source parameter catalogs

for both P- and S-waves, and several supplemental figures.
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2.8 Supplementary Materials

Note: Tables S1 and S2 in the supplementary materials are not included in this

thesis, as they extend over 10,000 lines. Please see the published document for the full

tables.

Table S1: The file ridgecrest stressdrop p.txt contains a list of the 6,108 earth-

quakes with stress drop estimates in this study using P-wave spectra. Using the first line

of the file as an example, the format is as follows:

17850492 ( event ID)

2019 7 4 20 32 34 .33 ( event year , mon , day , hr , min , s ec )

2 .05 ( ca ta l og magnitude )

35.64113 ( event l a t i t u d e )

−117.55272 ( event l ong i tude )

6 .221 ( event depth , km)

16 (number o f r e co rd s used to compute event term )

139 (number o f nearby c a l i b r a t i o n events )

11 .1 ( est imated corner frequency , Hz)

2 .669 e+00 ( est imated s t r e s s drop , MPa)

Event ID, year, month, day, hour, minute, second, catalog magnitude, latitude,

longitude, depth (km), # of records in spectral decomposition, # of records in ECS

calculation, corner frequency (Hz), stress drop (MPa)

Table S2: The file ridgecrest stressdrop s.txt contains a list of the 4,216 earthquakes

with stress drop estimates in this study using S-wave spectra, and has the same format as

Table S1.

Note for Tables S1 and S2: The maximum best-fit corner frequency is 200.0 Hz.

As discussed in the text, spectra with this corner frequency are likely poorly-resolved, but

we retain these events to prevent biasing our results.
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Figure 2.S1. Example showing waveforms (left panels) and their spectra (right panels).
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Figure 2.S2. P-wave spectral decomposition example, showing each of the components
in Equation 2.1, as well as the empirical correction spectrum (ECS) corrected source
spectrum, and the best-fit model parameters.
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Figure 2.S3. Empirical correction spectrum (ECS) computation example, using small
nearby calibration events to correct the spectrum of a larger event. The thick black line
shows the source term from spectral decomposition for a M 2.5 earthquake (07/09/2024,
SCSN event id 38494055). Note that this is a different earthquake than shown in Figure
2.S2. This event has 49 nearby smaller events of M 1.4 to 1.6. These calibration event
source terms are plotted as the thin black lines. The thin red lines show predicted Brune
spectra for these events, assuming fc = 30 Hz at M 1.5. The unsmoothed empirical
correction spectrum (ECS), plotted as the dashed blue line, is the average difference
between the observed source terms and their Brune predictions. The solid blue line shows
the ECS following smoothing with a 4th degree polynomial. This ECS is then subtracted
from the target event source term to generate the ECS-corrected source term (thick red
line).
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Figure 2.S4. Temporal plot of stress drop vs. time. The median stress drops of 14.3
MPa and 16.9 MPa for P- and S-wave analyses respectively are shown as horizontal black
lines. A rolling average of 30 earthquakes is shown as a red line.
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Figure 2.S5. Spearman correlation coefficients of P versus S for earthquakes that have
stress-drop estimates for both P- and S-waves. The values shown are the correlation
coefficients for each target earthquake and its 20 nearest neighbors. Note that the width of
the cross-section is 1750 m, rather than 1500 m as in Figures 2.7 and 2.8 in the main text,
to capture more events in cross-section. We use the Spearman correlation coefficient rather
than Pearson’s because it is more robust when outliers are present. While a few clusters
have low correlation due to several outliers, most of the events seem to be correlated
spatially.
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Figure 2.S6. Cross-sections of the Spearman correlation coefficients shown in Figure
2.S5.
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Figure 2.S7. Stress drop versus slip for eight different slip models. Models shown in
panels A–C use geodetic data, and models shown in panels D–H use geodetic and seismic
data in their inversions. Slip values are computed using the same technique in Figure
8 in the main text: slip data is projected onto the cross section and interpolated onto
an equally-spaced grid using a cubic spline. Slip at each earthquake’s location is then
estimated by interpolating this smoothed grid to the earthquake’s projection onto the
cross section. The model in panel H is the same used to generate the slip contours in
Figure 2.8.
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Chapter 3

Using a High- to Low-Frequency
Spectral Ratio to Distinguish Varia-
tions in Earthquake Source Proper-
ties

3.1 Introduction

Earthquakes can be extremely destructive because of strong ground motions,

so understanding the physical causes in generating these ground motions is important

for estimating seismic hazards and ultimately improving preparedness. Source spectra

quantify the distribution of energy released by an earthquake at different frequencies and

provide insights into rupture mechanics and ground motion modeling (Madariaga, 1976).

Earthquake moment is related to the low-frequency level of the source spectrum, and is

a fundamental measure of earthquake size (Aki , 1967). On average, larger earthquakes

radiate more energy across all frequencies than small earthquakes. However, because of

differences in their rupture dynamics, earthquakes of similar moment often vary in their

high-frequency radiation output, leading to significant variations in observed peak ground

velocity and acceleration (Atkinson and Beresnev , 1997).

Earthquake high-frequency radiation is often characterized in terms of stress drop,

which is the average shear stress released over a fault during an earthquake. Earthquakes
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with high stress drop generate relatively more destructive high-frequency energy than

low-stress-drop earthquakes of the same magnitude, making this an important parameter

in assessing seismic hazard (e.g., Hanks, 1979; Hanks and McGuire, 1981; Boore, 1983;

Baltay et al., 2013; Baltay and Hanks, 2014; Yenier and Atkinson, 2014; Lior and Ziv ,

2017; Trugman and Shearer , 2018; Abercrombie et al., 2021; Parker et al., 2020). Stress

drop is related to both the earthquake moment and fault rupture dimensions (Kanamori

and Anderson, 1975). For many large earthquakes (M > 5.5), estimating stress drop

is relatively straightforward because the rupture dimensions are apparent from surface

offsets, geodetic constraints, aftershock patterns, and finite-slip modeling (Hardebeck ,

2020). However, for smaller events without these observable constraints, the spectral stress

drop must be estimated from seismic wave observations alone (Brune, 1970).

Various approaches to estimating spectral stress drops (hereafter stress drop) have

been developed, including spectral decomposition (e.g., Shearer et al., 2006; Oth et al.,

2008; Bindi et al., 2009; Trugman and Shearer , 2017a; Chen and Abercrombie, 2020) and

spectral ratio or empirical Green’s function (EGF) methods (e.g., Abercrombie, 2014;

Abercrombie et al., 2017; Pennington et al., 2021; Huang et al., 2016, 2017; Liu et al.,

2020; Shaw et al., 2016). While these methods can resolve relative stress drop among

different events, many suffer from parameter tradeoffs that result in unreliable absolute

levels of stress drop (Shearer et al., 2019). Additionally, results from the recent Ridgecrest

Stress Drop Validation Study (Baltay et al., 2024) show large variations in absolute stress

drop between studies, even when similar analysis methods are applied. While relative

stress drop may be more reliable, Abercrombie et al. (2025b) found that even relative

stress drops of small earthquakes (M < 2.5) between studies are unreliable. Further, much

of the variation in absolute stress drop between studies results from differences in the

correction for path effects (Shearer et al., 2024). However, accurately determining these

path corrections is challenging because of typically strong near-surface attenuation that is

difficult to measure without deep borehole observations (Abercrombie, 1995).
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Regardless of the approach, higher stress drops in these studies arise from stronger

high-frequency radiation and higher spectral corner frequencies than average for a given

magnitude. Thus, we can think of relative stress drop as a proxy for the relative amounts

of high-frequency radiation (Atkinson and Beresnev , 1997), with both related to ground

motion. However, as also discussed in Atkinson and Beresnev (1997), stress-drop estimates

require many modeling assumptions, which compromise their use in characterizing high-

frequency ground motions.

Motivated by this perspective, we introduce a data-driven approach to measure

relative differences in the amount of high-frequency energy from earthquakes that requires

no assumptions about the source dynamics or an attenuation model. We compute this

quantity, which we term the normalized frequency index (nFI), for aftershocks of the 2019

Ridgecrest, California, and find coherent spatial variations in source properties. Our nFI

values correlate strongly with stress-drop estimates from prior studies in the Ridgecrest

Stress Drop Validation Study (Abercrombie et al., 2025a), but are not intended to be a

proxy for stress drop. Instead, nFI measurements can be used to directly quantify relative

levels of high-frequency radiation from earthquakes and study their spatial variations. To

put our results in context, we compare our Ridgecrest results to synthetic experiments,

explore similarities and differences with stress-drop estimates, and consider implications

for further study.

3.2 Data

We use the dataset from the Ridgecrest Stress Drop Validation Study (Baltay et al.,

2024; Abercrombie et al., 2025a) to demonstrate our new approach. The dataset includes

waveforms of 12,943 earthquakes above magnitude (M) 1 that occurred between 4 and

18 July 2019 near the M 7.1 Ridgecrest mainshock on 5 July 2019 (see Fig. 3.1). These

earthquakes were relocated using waveform cross-correlation (Trugman, 2020), and their
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waveforms are archived at the Southern California Earthquake Data Center (SCEDC ,

2013). Most catalog magnitudes are assigned local magnitudes (ML), while some larger

(M > 3.3) events are assigned moment magnitudes (MW). The Southern California Seismic

Network operates both broadband and strong motion stations, which record velocity and

acceleration waveforms, respectively. We resample all seismograms to 100 Hz.

We apply a multitaper method (Prieto et al., 2009) to compute P- and S-wave

spectra of all records, utilizing vertical components for the P-wave spectra and horizontal

components for the S-wave spectra. Following Shearer et al. (2022), we use time windows

of 1.5 seconds for M ≤ 1.4 earthquakes, increasing linearly to 4.5 seconds for M ≥ 4.7

events. If necessary, the spectra are resampled at a frequency interval of ∆f = 2/3 Hz,

corresponding to the frequency resolution of a 1.5 second time window, to ensure equally-

sampled spectra. The signal window is defined as starting 0.15 seconds before a P- or

S-wave arrival, and the associated noise window immediately precedes the signal window

with equal length. Phase arrivals are obtained from the catalog picks when available or

predicted using event origins and a local 1D velocity model (Hadley and Kanamori , 1977;

Vandevert et al., 2024). All spectra are converted to displacement spectra.

The spectra are screened for quality using the signal-to-noise ratio (SNR), computed

from the spectral ratio of the signal and noise spectra for each record. We define the SNR

as the median signal to noise spectral ratio between 2.67 and 6.00 Hz and discard spectra

with SNR less than 3. To avoid selection bias towards events with stronger high-frequency

radiation, we do not impose an SNR threshold above 6 Hz (Shearer and Abercrombie,

2021). Additionally, we exclude spectra with epicentral distances greater than 100 km.

3.3 Methods

We investigate relative differences in high-frequency radiation of the Ridgecrest

earthquakes by computing the difference in logarithmic spectral level within high- and
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Figure 3.1. Map of the seismicity in the study area from 4 through 18 July 2019. The
focal mechanisms of the M 7.1 and M 6.4 events are plotted at their epicenters. The
greater southern California region is shown in the inset with locations of seismic stations
used in this study.

low-frequency bands. For a given seismic spectrum, we define log β as:

log β = log10AHF − log10ALF, (3.1)
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where ALF and AHF are the median spectral amplitudes in predefined low- and high-

frequency bands, respectively (see Fig. 3.2). This parameter represents the relative amount

of high-frequency amplitude compared to the low-frequency amplitude in an observed

displacement spectrum. This definition of log β is nearly identical to the frequency index

used in volcano seismology (FI, Buurman et al., 2010), except that FI is instead computed

using mean amplitudes. We differentiate the definitions here, as log β is an intermediate

data product that will be corrected for various effects, while FI generally have few or no

corrections applied. In the Discussion section we compare similarities between FI and our

method.

Frequency (Hz)
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de

ALF
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Low-frequency
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Figure 3.2. The normalized frequency index method compares the median amplitude in
a high-frequency window (AHF) to that in a low-frequency window (ALF). Our study uses
low- and high-frequency windows of 1.33–5.33 Hz and 15.33–22.0 Hz, respectively.
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The choice of frequency bands for computing log β affects the functional magnitude

range and the number of events that pass signal-to-noise criteria. For the Ridgecrest

dataset, we choose a consistent low-frequency band of 1.33–5.33 Hz, and a high-frequency

band of 15.33–22.0 Hz for both P and S waves. Both bands are generally recorded with

good signal-to-noise in this dataset. We explore the impacts of these choices later in the

Discussion section; however, this method is relatively insensitive to small changes in band.

Three main factors influence computed log β values: path effects and attenuation,

site effects, and variations in source mechanics, including magnitude. A recorded spectrum

of a distant earthquake will generally be more depleted of high-frequency energy and

have a lower log β than that of a nearer earthquake, since high frequencies are more

readily attenuated. Many spectra recorded at the same station are subject to similar

near-station effects and the same instrument response, resulting in a corresponding shift

in their log β. For example, an area surrounding a station that attenuates high-frequencies

more than average will result in systematically lower log β. Further, smaller magnitude

events generally have shorter source durations and therefore higher corner frequencies,

resulting in larger log β values on average. The remaining variability is due to differences

in rupture mechanics, which we attribute to differences in source duration, rupture speed,

and slip area. These combined effects are typically reflected in earthquake corner frequency

and spectral stress drop.

To begin isolating this source variability, we model observed spectra as a product

of the earthquake’s source spectrum, near-station effect term, and path effect term (e.g.,

Andrews , 1986; Shearer et al., 2006; Abercrombie, 2021). In the logarithmic domain, this

becomes a sum of each term. Here, we apply the same model but modified for log β:

∆ log βi = log βij − Sj − Pq(i,j) (3.2)

where log βij is the log β recorded from event i at station j, Sj is the near-station effect
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term for station j, Pq(i,j) is the path term between event i and station j, and ∆ log βi is

the source-specific contribution to log β representing source variability.

To determine ∆ log βi, we apply an empirical correction to each target event using

smaller, nearby earthquakes termed “calibration events”. This is analogous to methods

applied in some spectral decomposition and spectral ratio studies for earthquake stress

drops (e.g. Abercrombie, 2014; Pennington et al., 2021; Shearer et al., 2022; Ruhl et al., 2023;

Vandevert et al., 2024), which have proven successful in correcting for path, attenuation,

and site effects. For each target event, we select calibration events located within 10 km

in epicentral distance and 2 km in hypocentral depth, with magnitudes between M 1.4

and 1.6 for P-wave calibration events and between M 1.9 and 2.1 for S-wave calibration

events. The same calibration event parameters were used in Vandevert et al. (2024) to

estimate stress drops of these earthquakes using a spectral decomposition method. This

calibration process can be represented as the following:

∆ log βij = mediank (log βij − log βkj) , (3.3)

where the station-specific ∆ log βij is defined as the median of pairwise differences between

the target event and all nearby calibration events. This can be thought of as a single

station’s contribution to ∆ log βi. The log βij refers to target event i recorded at station j,

and log βkj represents the kth of the calibration earthquakes near event i, also recorded at

station j. By computing ∆ log βij for all stations that record event i and with sufficient

calibration earthquakes, we compute the ∆ log β for the target earthquake as:

∆ log βi = medianj(∆ log βij). (3.4)

This procedure is applied to all earthquakes in the dataset, including those used as

calibration events for other target events. We require target earthquakes to be recorded by
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at least 10 stations and have 10 or more nearby calibration events for robustness. For a

single target event and multiple calibration events, the computed log β at a single station

will contain similar path and station effects. This approximation relies on the calibration

events being sufficiently close to the target event to have the same path effects, and

allows us to obtain ∆ log β for each target earthquake. Some path, site, or station effects

could remain even after this procedure, however, especially in regions with heterogeneous

subsurface effects.

The ∆ log β are magnitude-dependent, mainly due to larger earthquakes releasing

less high-frequency energy relative to their low-frequency energy on average. To compare

earthquakes across different magnitudes, we apply a single, global magnitude correction

curve to ∆ log β to obtain nFI. This magnitude correction is constructed as the me-

dian ∆ log β of earthquakes within magnitude bins of width M 0.2, smoothed with a

Savitzky-Golay filter of order 3. The nFI for each earthquake is obtained by subtracting

the magnitude correction from each ∆ log β. These nFI estimates characterize relative

differences in earthquake high-frequency radiation, providing a model- and magnitude-

independent metric of source properties. Negative nFI values indicate lower-than-average

high-frequency radiation relative to earthquakes of the same magnitude, while positive

values suggest the opposite. However, due to the difficulty in removing near-source or

near-surface attenuation, we cannot wholly rule out their contribution to variability in

nFI.

3.3.1 Uncertainty Quantification

An earthquake’s computed nFI depends upon the specific set of stations that

record it and the calibration events used to correct for path and station effects. Since the

magnitude correction from ∆ log β to nFI for a single event is additive, uncertainty in

∆ log β directly translates to uncertainty in nFI. We take advantage of this to estimate
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uncertainty in ∆ log β empirically using residuals from the median ∆ log βij (Eqn. 3.3),

Ui =

Nj⋃
j=1

{[log βij − log βkj]−∆ log βij}, (3.5)

where Ui is the zero-median uncertainty distribution, and Nj is the number of stations.

Note that [log βij − log βkj]−∆ log βij simply represents the zero-median set of differences

between log β of a target earthquake and log β of its calibration events at a single station.

Combining the residuals of all stations produces Ui, to which an event’s ∆ log β or nFI

may be added to obtain uncertainty distributions.

3.4 Results

We obtain nFI estimates for 10,690 earthquakes using P-wave spectra, which

includes 1,582 calibration earthquakes. The processing steps are illustrated in Fig. 3.3,

with panel (a) showing all 296,418 P-wave log β measurements from individual seismograms

as a function of magnitude. The log β values decrease with magnitude and have large

scatter, reflecting the presence of path, station, and source effects. The scatter is greatly

reduced after applying path and station corrections to obtain ∆ log β (Fig. 3.3b), but a

clear magnitude dependence remains. We subtract the magnitude correction (see Methods

section) to get magnitude-independent nFI values (Fig. 3.3c).

The nFI values are approximately normally distributed with a standard deviation

of 0.16, and 1st and 99th quantiles of -0.45 and 0.32 respectively. The spread of nFI

varies with magnitude, with a larger spread observed for earthquakes between magnitudes

2 and 4. This pattern likely reflects the influence of the selected high- and low-frequency

bands, which bracket the high-frequency fall-off transition for M2—4 earthquakes. We

further examine this effect in the Discussion section using synthetic tests.

Using S-wave records, we resolve nFI estimates for 11,274 earthquakes, which

includes 1,083 calibration earthquakes. We do not show a separate S-wave version of
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Figure 3.3. Different processing stages to obtain nFI for P waves: (a) all log β values from
296,418 individual spectra before any corrections; (b) station- and path-effect-corrected
∆ log β values for 10,690 events; and (c) magnitude-corrected nFI values. Black boxes
show the 25th and 75th percentiles of the plotted data, and whiskers represent the 5th
and 95th percentiles. For clarity, only every 10th record is plotted in panel (a). The red
curve in panel (b) depicts ∆ log β of M-1.7N synthetic spectra with falloff rates of n=1.7
and added seismic noise.

Fig. 3.3 since the S-wave results have similar trends with respect to magnitude. The nFI

values have a similar normal distribution, with a standard deviation of 0.15 and 1st and

99th quantiles of -0.41 to 0.36, respectively. The S-wave nFI are positively correlated with

the P-wave nFI with a slope of approximately one (Fig. 3.4). For earthquakes with M > 2,

the correlation coefficient is stronger with r = 0.655, while earthquakes with M < 2 have

r = 0.600, suggesting that nFI differences are better resolved for larger earthquakes. This

is expected, given that the calibration process locally forces the small calibration events to

have the same average nFI.

Both the P-wave and S-wave results display similar, coherent spatial variations on

the scale of kilometers (Fig. 3.5a-b). A region near the Coso geothermal field (polygon P1,

Fig 3.1) exhibits low average nFI values, indicating that the corresponding earthquakes

are relatively depleted in high-frequency radiation. In contrast, the central section of the

Ridgecrest fault system is characterized by positive nFI values (polygon P2, Fig. 3.5,
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Figure 3.4. Comparison of P-wave and S-wave nFI values. The dashed diagonal line has
a slope of one. The Pearson’s correlation coefficient (r = 0.655) and the standard deviation
(σ = 0.126) are computed for all earthquakes (n = 10, 539) that have both P- and S-wave
estimates of nFI. Earthquakes between about M 2 and M 3.5 have the highest correlation
(r ≈ 0.73), while outside this range correlation falls off to about r = 0.55 near M 1 and
about r = 0.6 near M 4.5. Marker size is proportional to catalog magnitude.

suggesting earthquakes here are enriched in high-frequencies. These spatial patterns are

locally coherent and do not appear to be random. We do not find a significant correlation

with hypocentral depth in either dataset.
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Figure 3.5. Maps showing spatial variations in earthquake high-frequency radiation
for the Ridgecrest aftershocks as measured by the normalized frequency index (nFI)
parameter and stress drop (∆σ) from Vandevert et al. (2024). Blue and red indicate,
respectively, greater and lesser nFI and stress drop. (a) P-wave nFI results; (b) S-wave
nFI results; (c) P-wave ∆σ; and (d) S-wave ∆σ. Only M ≥ 2 events are plotted for P
waves and M ≥ 2.5 events for S waves. The annotations in the bottom left of each panel
represent average nFI or ∆σ for polygons P1 and P2, and all events plotted. Marker size
is proportional to catalog magnitude.
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3.5 Discussion

Fundamentally, nFI is an empirical quantification of the relative intensity of

earthquake high-frequency radiation. While some parameters are required to compute

nFI, such as the frequencies of the bands and calibration earthquake search parameters,

no physical rupture model is required in this process. As such, it quantifies relative high-

frequency enrichment and ground motions more directly than model-dependent approaches,

such as stress-drop estimation techniques. However, it is not designed to be a proxy for

other source parameters, and absolute nFI values have a complex physical meaning

dependent on parameter choices. Due to the novelty of this method and the uncertainties

in existing source parameter estimation methods, it is difficult to design an independent

validation of the meaning of nFI variations. In principle, nFI could correlate with ground

motion metrics like peak ground acceleration since it is more closely related to ground

motion than stress drop is, but we defer these comparisons to future work. Because nFI

is a measure of the relative strength of high-frequency radiation from each target event

compared to small calibration events in nearly the same location, to first-order it should

be insensitive to path and site effects. However, because the calibration events are not in

exactly the same locations as the target events, some leakage of non-source effects may

occur and could contribute to observed variations in nFI.

3.5.1 Relation between nFI and Stress-Drop Estimates

The purpose of our nFI method is to characterize variations in earthquake high-

frequency radiation, not to estimate stress drop. However, not surprisingly, both P- and

S-wave nFI correlate with the stress-drop estimates of the Ridgecrest earthquakes from

several groups. We directly compare our nFI to available results from Abercrombie et al.

(2025a) in the electronic supplement, Fig. S3, and compare to the Vandevert et al. (2024)

stress drops in Fig. 3.6c-d. The correlation between nFI and stress drop also depends on
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event magnitude range, spatial distribution of earthquakes and stations, and the stress-drop

catalog and its assumed source model parameters. Although maximizing correlation with

stress drop is not the primary goal of this study, the observed correlations confirm that

nFI is useful in distinguishing relative levels of high-frequency radiation of earthquakes.

For P-wave nFI, the correlation coefficient is r = 0.704, and r = 0.616 for S-wave nFI.

Correlation is observed between nFI and stress-drop estimates from different methods (see

Abercrombie et al., 2025a, for individual study descriptions), and is stronger in spectral

decomposition studies. In general, the medium-sized events (M2–M5) correlate better

than the smaller events.

Spatially, our nFI results agree with regional patterns in stress-drop estimates

found in both Vandevert et al. (2024) and Abercrombie et al. (2025a). Many of those groups

found low values of ∆σ near the Coso geothermal field and high ∆σ along the cross-fault

section of the Ridgecrest fault system, as also observed in the nFI distributions (Fig. 3.5).

For simplicity, further comparison with ∆σ and fc solely uses results from Vandevert et al.

(2024), who analyzed the same spectral dataset with the spectral decomposition approach

from Shearer et al. (2022). This method assumes a fixed fc for a narrow magnitude range

of small, nearby calibration events for every target event, thus stabilizing the spectral

decomposition method. This approach likely dampens the scale of true ∆σ variations by

forcing the small calibration events to have the same average ∆σ everywhere, but has the

advantage that any remaining variations in relative ∆σ must be real. Shearer et al. (2022)

applied this method to analyze southern California seismicity between 1996 and 2019 and

identified clear spatial variations in average ∆σ, reflecting differences in the amount of

high-frequency radiation among similar sized earthquakes.

The strong correlation between corner frequency and the magnitude-dependent

∆ log β is primarily due to fc scaling with earthquake magnitude. The correlation is

approximately linear when the estimated fc is between the outer limits of the two frequency

windows (1.33–22 Hz), corresponding roughly to earthquakes of 2 < M < 4.5. This linearity
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Figure 3.6. Relationships between corner frequency and stress drop from Vandevert
et al. (2024) compared to the ∆ log β and nFI values obtained in this study. P-wave
results are presented in the left column, and S-wave results in the right. The top row
compares fc to the magnitude-dependent ∆ log β, and the bottom row compares ∆σ to the
magnitude-corrected nFI. Outlier populations of high ∆σ events (∆σ > 1 GPa; n = 245
for P waves, n = 133 for S waves) are not shown in any panel, mostly consisting of small
events with high uncertainty in ∆σ. Median fc versus ∆ log β from the four synthetic
models are shown as color lines in panels (a) and (b). Pearson correlation coefficients (r)
and number of events plotted (N) are shown in each panel. In panels (a) and (b), gray
rectangles represent the low- and high-frequency bands used to compute log β, and the
markers are converted to grayscale to better show the synthetic curves. Marker size is
proportional to catalog magnitude.
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breaks down for earthquakes beyond this range, as seen most clearly in Fig. 3.6 a-b for

the smallest earthquakes above the high-frequency band (gray box). For these events,

∆ log β exhibits little change for increasingly higher corner frequencies. This behavior is

expected when fc begins to well-exceed the 15.33–20 Hz upper frequency band, where

increasingly higher fc produces diminishing changes in amplitude in the band. A similar

saturation effect is seen for values of fc below our 1.33 to 5.33 Hz low-frequency band, in

which both the high- and low-frequency bands are within the f−n part of the displacement

spectrum. Later we will show how this behavior is predicted in synthetic experiments that

produce the curves in Fig. 3.6 a-b. Indeed, an advantage of our approach for characterizing

high-frequency radiation differences among earthquakes is that ∆ log β directly scales with

these differences, while fc and inferred stress drop have a strong non-linear dependence on

high-frequency radiation in any fixed band.

The correlation between nFI and stress-drop estimates varies with magnitude and

seismic phase. For intermediate magnitudes (approximately 2.5 < M < 5), ∆σ estimates

scale linearly with nFI, while both larger and smaller magnitudes have more complex

scaling due to their fc lying outside the log β frequency bands. Within the intermediate

range, P-wave log∆σ scale with nFI at a shallower slope than S-wave log∆σ (Fig. 3.6c-d).

This slope difference is likely due to how ∆σ was estimated in Vandevert et al. (2024), in

which P-wave spectra were fit with Brune models and S-wave spectra were fit with n = 1.8

falloff rate models. This falloff difference followed Kaneko and Shearer (2014) who found

that, for a circular fault model, S-wave spectra have a lower falloff rate than P-wave spectra.

Based on our synthetic results below, spectra with systematically lower falloff rates result

in a steeper slope for ∆σ versus nFI, which appears to explain the difference between the

P-wave and S-wave results in Fig. 3.6. However, the exact relationship between stress drop

and nFI is complicated and magnitude-dependent, so we do not estimate it quantitatively

here.

The nFI is a more direct measurement of high-frequency variation between events
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than stress drop. We note that the smaller M < 2 earthquakes span a wide range of the

P-wave stress-drop values, including cases exceeding 100 MPa, whereas their corresponding

nFI values derived from P waves have less scatter (see Fig. 3.3). The S-wave results

display a similar effect, although fewer M < 2 earthquakes have ∆σ estimates as shown

in Fig. 3.6d. Perhaps unsurprisingly, the populations of earthquakes with abnormally

large stress drops also have higher uncertainty in nFI. While the stress-drop estimates

of earthquakes under M2.5 are largely unreliable due to their high fc (Abercrombie and

Baltay , 2025), we find coherent spatial variation in nFI similar to Fig. 3.5a-b even in

earthquakes less than M2.5.

Variation in nFI and relative ∆σ are both strongly related to differences in high-

frequency earthquake radiation, demonstrated above and through the close agreement

between our nFI map (Fig. 3.5) and spatial ∆σ distributions obtained by several inde-

pendent methods (e.g., Trugman, 2020; Bindi et al., 2020b; Knudson et al., 2025; Ahn

et al., 2025). We show these comparisons not to validate or invalidate our approach,

as spectral stress-drop estimates are only indirectly related to high-frequency radiation

intensity, but to test whether the spatial variations seen in some stress-drop studies of

Ridgecrest are also visible in our nFI maps. Even though it does not result from a physical

rupture model, the nFI provides a direct measure of relative differences in high-frequency

radiation among earthquakes without making assumptions about the dynamics of the

source, such as required for traditional stress-drop estimates. We find correlation between

the P-wave and S-wave datasets without parameter tuning. The intermediate data product

∆ log β scales with magnitude (Fig. 3.3). In the Synthetic Experiments and Uncertainty

section, we compare this relationship to theoretical predictions to infer average source

spectral properties. However, since we empirically remove magnitude dependence to obtain

nFI, the resulting values retain no information regarding how nFI scales with magnitude

(comparable to stress drop versus magnitude scaling).
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3.5.2 nFI and Frequency Index

Aspects of the nFI parameter resemble those of the frequency index (FI), which

is commonly used for studying long-period earthquakes at volcanoes (e.g., Ketner and

Power , 2013; Matoza et al., 2014). FI quantifies relative frequency content of seismic

events, first defined in Buurman et al. (2010) as:

FI = log10
mean(AHF)

mean(ALF)
, (3.6)

where ALF and AHF are the spectral amplitudes in low- and high-frequency windows. In

this format, FI is the same as log β (Eqn. 3.1), except that FI is computed using mean

spectral amplitudes and log β is computed using median spectral amplitudes. Buurman

et al. (2010) set the low- and high-frequency windows to 1-2 Hz and 10-20 Hz, respectively,

in their study of M < 1.5 earthquakes below an Alaskan volcano. Similar frequency bands

are common in other studies using FI, but are often modified to accommodate the dataset

(event magnitude, station distribution, etc.).

Spatial patterns of anomalously high- or low-FI have been associated with subsur-

face structure and activity. At volcanoes with active magmatism, low-FI events correlate

with explosive volcanic eruptions and geothermal activity due to rising fluids in the magma

chamber (Chouet , 1996; Buurman et al., 2010; Matoza et al., 2014). Additionally, swarms

due to induced seismicity have been found to have low-FI on average (Salvage and Eaton,

2022). High-FI events tend to occur in volcanic “precursory swarms”, or those just before

explosive eruptions, and are hypothesized to be due to rock fracturing along previously-

unfractured surfaces (Buurman et al., 2010). These correlations suggest that log β can

also be associated with subsurface processes like magmatism and fluid-induced activity.

The northwestern corner of our study area (Fig. 3.5) is an area with relatively low nFI

values, and is part of the Coso geothermal field which has abundant geothermal features
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including fumaroles and hot springs. We therefore interpret the lower nFI values in this

area to be associated with these geothermal features.

Other studies have explored FI of earthquakes and its relationship with source

and subsurface properties. Matoza et al. (2014) introduced a more robust FI metric that

averaged FI computed at multiple seismic stations, indirectly correcting station and path

effects in a region less than 11 by 22 km and using low- and high-frequency bands of

1-5 Hz and 5-15 Hz, respectively. Path effects and attenuation are stronger in our study

because of its larger geographic scale, so we adopted a technique that directly corrects

these effects. Nakajima and Hasegawa (2021) measured FI and stress drop of continental

plate earthquakes smaller than M 2.5 in Japan. They found a correlation between stress

drop and FI, and proposed high pore pressure as the mechanism controlling regions with

low-FI earthquakes. Sundod (2024) examined long-period earthquakes that tend to appear

in geothermal fields in Italy, which were identified using the frequency index technique.

Together, results from these studies suggest that spatial patterns in dominantly high-

or low-frequency earthquakes, and therefore nFI, can indicate fluid content or source

parameter variation.

Perhaps most similar to this study, Tsuchiyama et al. (2022) computed FI and

compared with previous corner frequency and stress-drop estimates for M 1− 3 events in

the Ridgecrest area between 2015 and 2020. Their study uses different frequency bands

than ours (2–5 Hz and 10–15 Hz for the low- and high-frequency bands, respectively) and

does not correct station and path effects, so directly comparison to our study is difficult.

However, they find that small events approach an FI of 0 and fc versus FI is roughly

linear for medium-sized events, analogous to our fc versus ∆ log β results shown in Fig.

3.6 a. They also hypothesize that the presence of nearby subsurface fluids cause events to

have low FI.
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3.5.3 Synthetic Experiments and Uncertainty

To test our method and quantitatively evaluate the measurement uncertainties in

nFI and its relation to corner frequency and stress drop, we generate synthetic displacement

spectra of the form,

u(f) =
Ω0

1 + (f/fc)
n , (3.7)

where Ω0 is proportional to seismic moment M0 and n is the high-frequency falloff rate.

We consider four combinations of source models and noise, with indicated color consistent

through all relevant figures:

1. M-2.0: Brune spectra with n = 2 and constant stress drop 5 MPa (purple),

2. M-2.0N: the same as M-2.0, but with added seismic noise (green),

3. M-1.7: a reduced-falloff model with ∆σ = 5 MPa and n = 1.7 (blue), consistent with

observed falloff rates in some studies (e.g., Trugman and Shearer , 2018),

4. M-1.7N: the same as M-1.7, but with log-normal scatter added to the stress drop

and real seismic noise added to the resulting spectra (red).

No path or attenuation effects are simulated, but we generate event and station locations

in a compact spatial region so that each target event has ample nearby calibration events.

We simulate 100 stations and 10,000 synthetic events with moment magnitudes ranging

from MW 1.0 to 7.1. Event magnitudes follow a Gutenberg-Richter relation using a = 1.0

and b = 0.3. The unrealistically low b value ensures a sufficient number of synthetic events

in each magnitude bin up to M 5.

For the M-1.7N dataset, events are assigned a stress drop drawn from a log-normal

distribution with a median of 5 MPa and a standard deviation of 0.8, which is on the

same order as the standard deviation of the stress-drop catalog reported in Vandevert

et al. (2024). We then add real seismic noise to each spectrum by choosing random noise
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spectra that have a corresponding signal window with a high signal-to-noise ratio. This

prevents using noise windows that may contain arrivals from other events, since signal

windows that passed SNR criteria are less likely to have a contaminated noise window.

We then scale the noise spectrum such that the resulting spectrum has an SNR typical for

a recording of an earthquake of that size. For the Ridgecrest dataset, the median SNR

for M 1–2 events is about 2, while M 5 events have an SNR of about 25. We scale the

seismic noise spectra accordingly and add them to the synthetic spectra.

From moment magnitude, MW, we compute M0, and from stress drop we compute

corner frequency,

fc =

(
16

7

∆σ

M0

)1/3

kVs, (3.8)

assuming Vs = 3, 464 m/s for the shear-wave velocity and k = 0.38 for P-wave models and

k = 0.26 for S-wave models (Kaneko and Shearer , 2014). While this equation and these

k-values rely on assumptions of rupture model and self-similarity, the approximation that

fc ∝ M
−1/3
0 has been observed in many studies (see Abercrombie et al., 2025a) and is

sufficient for these simple synthetic tests. Finally, using M0 (where log10M0 ∝ Ω0) and fc

we compute the various source spectra with Eqn. 3.7 and then apply the nFI technique

to each synthetic dataset.

A synthetic illustration of the corrections is shown in Fig. 3.7, where we present

the results of the M-1.7N dataset. The four synthetic models are compared directly to the

real data in Fig. 3.8. Visually, M-1.7N is the best-fitting model to the real data, and we

plot its median ∆ log β versus magnitude in Fig. 3.3 as as comparison. Since the synthetic

data have no station or path effects, their log β have much less scatter compared to the

real data, and any scatter is due to either the added seismic noise or the variation in ∆σ.

The ∆ log β have less scatter for the smallest and largest events, which is also observed

in the real data (Fig. 3.3). This effect is due to the low- and high-frequency bands used

to compute nFI and the earthquake’s corner frequency, fc. Referring back to Fig. 3.6a,
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between the two frequency bands (1.33–22 Hz) absolute ∆ log β are mostly between -1.25

and 0.25. However, outside these frequency bands ∆ log β varies much less, about ±0.25

from the median for most events. This suggests that the variability of fc for moderate

magnitude earthquakes leads to more pronounced scatter in their nFI estimates.
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Figure 3.7. Synthetic version of Fig. 3.3 using the M-1.7N spectra. The same processing
used for the real data was applied to the synthetic dataset with n = 1.7 falloff rate,
log-normal scatter in ∆σ, and added realistic seismic noise: (a) all log β records before
any corrections; (b) station- and path-effect-corrected ∆ log β values; and (c) magnitude-
corrected nFI. Box extent indicates the 25th and 75th percentiles of the plotted data,
and whiskers represent the 5th and 95th percentiles. For clarity, only every 100th record
is plotted in panel (a). Panel (a) has much less scatter than its real-data counterpart (Fig.
3.3 a) because there are no simulated path or station effects.

Considering ∆ log β versus magnitude, the M-1.7N model appears to be the closest

synthetic model to the real data (see Fig. 3.8). From this figure, we find that the M-2.0

(purple) and M-2.0N (green) models under predict the amount of high-frequency energy

observed in the larger real earthquakes (black dashed). Adding seismic noise to the

synthetic spectra increases ∆ log β for the larger magnitudes (see Fig. 3.8). Increasing

the noise levels strengthens this effect, however, this represents unrealistically high noise

that is not observed in the Ridgecrest dataset. This indicates that in the Ridgecrest area,

larger earthquakes radiate more high-frequency energy than predicted by a self-similar

Brune model, in agreement with results from Trugman and Shearer (2017a) and Shearer
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Figure 3.8. Comparison of median ∆ log β values in magnitude bins of M 0.2 width for
real data (black dashed lines) and the four different synthetic models (color solid lines). A
median stress drop of 5 MPa and P-wave and S-wave k-values from Kaneko and Shearer
(2014) are used in the synthetics.

et al. (2019) for other regions in southern California. However, a caveat is that these

synthetic models assume a constant median stress drop with respect to magnitude, i.e.

self-similarity. Comparable fits to the high-frequency energy for large earthquakes can be

obtained using a non-self-similar Brune model, where earthquake stress drop increases

with magnitude (e.g., Trugman and Shearer , 2017a).

3.5.4 Parameter Choices

The final nFI values and associated correlation with stress drop are insensitive to

modest changes in the frequency bands. We select low- and high-frequency bands of 1.33–

5.33 Hz and 15.33–22.0 Hz, respectively, based on noise levels, physical constraints, and

to have consistency between P- and S-wave datasets. These bands were initially selected

to maximize the correlation between nFI and the Ridgecrest stress-drop estimates in

Vandevert et al. (2024), for which P waves favor low and high bands of about 0.67–5.33 Hz
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and 20–27.33 Hz, and S waves favors 0–4.67 Hz and 17.33–24.67 Hz. Shifting these bands by

several frequency points has only a minor impact on the correlation. With high-frequency

bands approaching the Nyquist frequency, the nFI values still correlate with stress drop,

but with significant scatter for small events due to lower signal-to-noise ratios in the

higher band. Similarly, decreasing the low-frequency band increases scatter in nFI for

smaller events, though to a lesser degree. These behaviors reflect a tradeoff in which

larger separation between low- and high-frequency bands broadens the effective magnitude

range, at the cost of increased scatter in nFI due to noise levels in each band. Figs. S1

and S2 summarize the effects of frequency bands on the nFI and stress-drop correlation.

These window choices may be region- or dataset-dependent, and some experimentation

might be necessary to properly utilize available data. For example, regions with densely

recorded seismicity and a lower magnitude-of-completeness than the Ridgecrest dataset

could possibly use a high-frequency window higher than used here, if smaller calibration

earthquakes with higher corner frequencies are used.

Based on our tests of the nFI calculation, we suggest the following guidelines

before applying the procedure to new datasets:

1. Calibration magnitude range: affected by the number of calibration events, quality of

records, noise level, and the high-frequency window choice. There should be ample,

well-recorded, low-noise records to correct for path and station effects. Further, if

the high-frequency window is too low, the high-frequency falloff of small calibration

events will not be captured properly. A test using M1 − 1.2 calibration events

produced spatial results very similar to those in Fig. 3.5a-b, even for target events

under M2.

2. Minimum number of calibration events: if too few calibration events are used, path

and station corrections could be affected by noise or calibration earthquake source

effects. If too many are required, more target events will be discarded.
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3. High- and low-frequency bands: ideal choices depend upon desired calibration event

magnitude, noise levels, and magnitude range of dataset. The corner frequency of

target earthquakes should be between the two bands; i.e., between the two bands, the

spectrum should display some low-frequency level-off and some high-frequency fall-off.

For the Ridgecrest dataset, this corner frequency range translates to approximately

M2–5. Of course, this range may depend on regional geology or tectonic setting,

and will need careful evaluation.

We chose the calibration event parameters used in this study to match those in the

Vandevert et al. (2024) study for ease of comparison. Although we suggest using parameters

similar ours as a starting point, ideal calibration event parameters will depend upon the

data quality, catalog magnitude of completeness, distribution of stations and seismicity,

sampling rate, noise levels, among other factors.

3.6 Conclusions

We have developed a new quantity, termed the normalized frequency index (nFI),

for studying relative differences in high-frequency radiation from earthquakes, which

requires few modeling assumptions concerning attenuation or earthquake rupture properties

and is closely tied to observational data. The nFI measures the strength of source

radiation within a high-frequency band relative to that in a low-frequency band, using

small-magnitude calibration events near each target event to remove path and station effects.

Our computed nFI values are closely related to ground motion and correlate strongly

with stress-drop estimates from previous studies of aftershocks of the 2019 Ridgecrest

earthquakes, but can be computed much more easily. Because we explicitly remove any

magnitude dependence in our results, our nFI results cannot directly address questions of

stress drop versus magnitude scaling. However, we find that spatial variations in average

nFI are robust with respect to magnitude. This could prove advantageous for ground

66



motion modeling: some regions have systematically high or low nFI values, suggesting

that those regions produce earthquakes with relatively stronger or weaker high-frequency

amplitudes than average.

3.7 Data Availability and Resources

The earthquake datasets used in this study are from the Ridgecrest stress drop

validation study, which can be obtained from https://scedc.caltech.edu/data/stressdrop-

ridgecrest.html (last accessed July 2025).

We have archived code for this method on GitHub (https://github.com/ivandevert/

py-nfi).
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1000 MPa or less than 0.5 MPa are discarded.
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low-frequency windows of S-wave spectra. Outliers with ∆σ greater than 1000 MPa or
less than 0.5 MPa are discarded.
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Figure 3.S3. Correlation between the computed P-wave nFI values and various datasets
included in Abercrombie et al. (2025a). We do not show comparisons here that have fewer
than 30 events in common with our dataset. Author names and methods correspond to
those in the study. Abercrombie et al. (2025a) for more details.
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Chapter 4

Distinguishing Spatial Variations
in California Earthquake Dynam-
ics Using a High- to Low-Frequency
Spectral Ratio

4.1 Introduction

Strong ground motions generated during earthquakes cause damage to property

and infrastructure, so characterizing their origin is important in assessing seismic hazard.

Earthquake displacement spectra reflect aspects of rupture mechanics: the low-frequency

level scales with seismic moment, a principal measure of earthquake size, while high-

frequency amplitudes are sensitive to rupture complexity, source duration, rupture velocity,

and other factors. On average, larger earthquakes produce stronger ground motion across

all frequencies. However, earthquakes of similar moment regularly produce substantially

different amounts of high-frequency radiation (e.g., Aki , 1967). Understanding the origin

and spatial distribution of this variability has direct implications for ground motion

prediction and seismic hazard assessment.

Stress drop, the average amount of shear stress released across a fault during an

earthquake, is one parameter that quantifies the expected amount of high-frequency energy,

albeit indirectly. Stress drop is related to both earthquake moment and the fault rupture
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dimension (Kanamori and Anderson, 1975), so it is relatively straightforward to compute

for large earthquakes with exposed surface offsets or geodetic constraints on rupture

area. For smaller earthquakes, spectral stress drop is computed by fitting a theoretical

source model to observed spectra (Brune, 1970; Madariaga, 1976), but is subject to large

uncertainties and modeling bias (e.g., Abercrombie et al., 2025a; Abercrombie, 2021). Even

when source spectra are estimated from many records, they are frequently complex and

deviate from smooth theoretical models. In addition, uncertainties in path corrections

and model parameter tradeoffs hamper reliable determination of absolute stress drop (e.g.,

Shearer et al., 2019, 2024). Recent results from the Ridgecrest Stress Drop Validation

Exercise (e.g., Baltay et al., 2024) have shown large scatter in absolute stress drop estimates,

but much better agreement in relative stress drops between events (Abercrombie et al.,

2025a). This implies that while the absolute level of stress drop is often highly uncertain,

it does capture some of the variability in rupture behavior.

Despite decades of study on earthquake source mechanics, exactly what controls high-

frequency variability remains unclear. Part of the difficulty lies in the large uncertainties

in stress drop estimates, which are sensitive to modeling choices and difficult to compare

across studies. Parameter choices that produce reasonable results in one dataset or region

might produce unrealistic ones in another. Moreover, most stress drop studies have

been regional in scope (e.g., Shearer et al., 2006; Hauksson, 2015; Shearer et al., 2022;

Trugman and Shearer , 2018), and to our knowledge no statewide characterization of relative

high-frequency variability has been published for California.

Vandevert et al. (2026) introduced the normalized frequency index (nFI), an

empirical quantity that characterizes the relative high-frequency content of observed

earthquake spectra without relying on a spectral model. Rather than estimating corner

frequency and stress drop, nFI measures the spectral ratio between two fixed frequency

bands, corrected for path, station, and magnitude effects, to yield a direct comparison

of high-frequency enrichment between events. Applied to the 2019 Ridgecrest aftershock
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sequence, nFI revealed coherent spatial patterns that strongly correlated with stress drop

variations reported by multiple other studies (Trugman, 2020; Vandevert et al., 2024;

Abercrombie et al., 2025a). nFI is similar in spirit to empirical high-frequency parameters

used in ground-motion studies, such as the spectral decay parameter κ (Anderson and

Hough, 1984), but is explicitly referenced to nearby calibration events to isolate source-

controlled variability.

In this study, we extend the nFI method to seismicity across California over a

30-year period (1995–2024), producing the first statewide characterization of relative

high-frequency source variability. We leverage California’s dense seismic network coverage

and diverse tectonic settings to investigate which physical factors correlate with the spatial

distribution of relative high-frequency energy. Regardless of their origin or the method

used, resolving these spatial differences has the potential to improve ground motion models.

4.2 Data

We analyze seismicity spanning 1995–2024 recorded by the Northern and Southern

California Seismic Networks (Fig. 4.1), archived at the NCEDC (NCEDC , 2014) and

SCEDC (SCEDC , 2013), respectively. Because these catalogs overlap spatially in certain

regions, some events appear in both catalogs. We draw a line separating California

at a natural break in NCEDC-dominated and SCEDC-dominated regions, retaining

only NCEDC earthquakes in northern California, and SCEDC earthquakes in southern

California. We retain events with magnitudes M ≥ 1, yielding 776, 860 events: 401, 304

from the NCEDC and 375, 556 from the SCEDC. We also obtain station metadata from

both services. Station metadata is mostly consistent, but we use the NCEDC values when

they differ slightly.

Where available, we adopt relocated event hypocenters so that smaller-scale patterns

may be resolved. For southern California earthquakes, we use the relocated catalog of
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Figure 4.1. Map of the California seismicity analyzed in this study, comprising 776,860
M ≥ 1 events from 1995 to 2024. Events that have a computed nFI (N=491,304) are
plotted as dots and colored according to their nFI, while those without an nFI are shown
as black dots. The outlined subregions are shown in greater detail in later figures: A: The
Geysers; B: Long Valley Caldera; C: Central San Andreas Fault; D: Coso Geothermal
Field; E: Ridgecrest Sequence; F: Hector Mine Sequence; and G: Salton Trough.
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Hauksson et al. (2012), originally based on waveform cross-correlation, with recent updates

using GrowClust (Trugman and Shearer , 2017b). For northern California, we use the

waveform cross-correlation and double-difference relocated catalog of Waldhauser and

Schaff (2008), which covers events through 2021. Events not appearing in either relocated

catalog retain their original location and origin time. In total, about 90% of events have

relocated hypocenters. See the Data Availability Statement section for more information.

Event-based waveforms are downloaded from NCEDC and SCEDC cloud services

(see the Data Availability Statement section). We retain velocity and acceleration seismo-

grams from broadband and short-period channels with sampling rates of at least 80 Hz to

ensure adequate bandwidth at the highest frequencies, and require epicentral distances to

be less than 100 km. Approximately 96% of NCEDC catalog events and 97% of SCEDC

catalog events have available records that satisfy these requirements. We uniformly

resample all waveforms to 100 Hz.

We compute adaptive multitapered spectra (Prieto et al., 2009) of about 12 million

P-wave records, using 5 tapers and a time-bandwidth product of 3.5. P-wave arrival

times are determined from catalog picks. Signal windows begin 0.15 seconds before the

phase arrival. Window length scales with magnitude to accommodate the longer source

durations of larger earthquakes: 1.5 seconds for M ≤ 3.5, increasing linearly to 4.5 seconds

for M ≥ 4.5. Corresponding noise windows are of equal length and directly precede their

signal window. Resulting spectra are resampled to ∆f = 2/3 Hz, matching the frequency

resolution of a 1.5 second, 100 Hz time series. About 92% of records have a cataloged

instrument response; we correct for this instrument response and discard records without

an available response. Spectra with signal-to-noise ratios (SNR) of < 3 in the 2.67–6 Hz

band are discarded, but we do not apply a minimum high-frequency SNR to avoid selection

bias toward events with relatively more high frequencies (Shearer and Abercrombie, 2021).

In total, about 9.4 million (78%) spectra that pass these criteria remain.
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4.2.1 Station Gain Changes

This dataset spans a wide temporal range, and changes in station instrumentation

are inevitable over three decades. The previous study that introduced nFI (Vandevert

et al., 2026) spanned only two weeks of data, so changes in instrumentation, whether

by defect or instrument replacement, were less likely than over the 30-year span of this

study. To identify undocumented changes in station response, we follow a procedure

similar to that of Shearer et al. (2022): for each station we compute the average spectral

amplitude of the noise window between 3.33 and 4.67 Hz and compare these values over

time. We extend this approach by automatically detecting significant changes in average

noise levels using a binary segmentation change-point detection algorithm (e.g., Fryzlewicz ,

2014). Nearby major events generally cause an increase in average noise levels because of

frequent aftershocks. These can trigger erroneous apparent changes in station response

(false positives), so we discard change points within a short time interval of a nearby

major event. To avoid correcting for real differences in noise levels, we require a minimum

difference of 1% between subsequent segment averages of log noise level. This corresponds

to requiring the noise levels in any two consecutive periods to change by 20–40% to be

flagged as an undocumented change in instrument gain.

Once change points are screened, we apply a correction to the signal and noise

spectra of all records within each segment. The downstream methods are not affected

by vertical shifts applied uniformly to all records from a single station, so we compute

each segment’s correction to shift the segment to the mean noise of all records from that

station.

4.3 Methods

The method to compute the normalized frequency index (nFI) was introduced

in Vandevert et al. (2026), where it was applied to the 2019 M 7.1 Ridgecrest aftershock

75



sequence in California. Here we review the fundamental steps of the method, referring to

the original study for more details.

Our approach is based on computing the spectral ratio of a high-frequency band to

a low-frequency band. This is effectively equivalent to the frequency index (FI) used in

volcano seismology (e.g., Buurman et al., 2010), except that FI computes this ratio using

mean band amplitude rather than median. We distinguish log β from FI because it serves

as an intermediate quantity rather than the final metric. For all spectra, we compute:

log β = log10(AHF)− log10(ALF), (4.1)

where AHF and ALF represent the median spectral amplitudes in predefined high- and

low-frequency windows, illustrated in Figure 4.2. Here, log β represents the “richness” of

high frequencies relative to low frequencies for a single observed spectrum. Ideally, ALF

should sample the flat portion of a displacement spectrum below the corner frequency,

while AHF should sample the high-frequency decay above it. When this condition is

not met, between-event variability in high-frequency content becomes difficult to resolve.

Moreover, adjusting the high or low frequency bands within the same dataset (e.g., using

a lower low-frequency band for larger events) affects log β and ultimately nFI nonlinearly.

We choose 1.33–5.33 Hz for the low band and 15.33–20.0 Hz for the high band in this

dataset, and explore the effect of frequency band choice on effective magnitude range in

the Discussion section. The log β values for the entire dataset are shown in Figure 4.3,

panels (a) and (d).

The log β derived from observed spectra contain path and station effects that must

be corrected. We model these effects additively in logarithmic space, following spectral

decomposition approaches (e.g., Shearer et al., 2006):

log βij = ∆ log βi + Sj + Pq(i,j). (4.2)
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Figure 4.2. Example spectrum showing log β computation. ALF and AHF are the median
amplitudes of bands 1.33–5.33 Hz and 15.33–20.0 Hz, respectively.

Here, log βij is the log β of event i measured at station j; Sj is the station term; Pq(i,j) is

the path term along ray path q; and ∆ log βi is the source term representing event-specific

variability that we seek to isolate.

To empirically correct for path and station effects, we identify small “calibration”

earthquakes near each target event that are also recorded by at least some of the same

stations. We make three assumptions: (1) records at the same station have an equal station

term Sj; (2) ray paths from a target and calibration event to the same station produce

equivalent path effects, such that Pq(i,j) ≈ Pq(k,j); and (3) the calibration magnitude

range is narrow enough to minimize moment-related variability among calibration events.

Under these assumptions, for a calibration event k near target event i, the difference

log βij − log βkj cancels the station and path terms. For each station, we take the median

of this difference over all calibration events; we then take the median across stations to

obtain ∆ log βi:

∆ log βi = medianj(mediank(log βij − log βkj)) (4.3)
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Figure 4.3. Different processing stages to obtain nFI from individual log β measurements,
separated for NCEDC events (top row) and SCEDC events (bottom row). Left column:
log β results for each spectrum passing the signal-to-noise criteria. Middle column: ∆ log β
for each event after applying path and station corrections, and the magnitude correction
(red dashed line) applied to get nFI. Right column: nFI after applying magnitude
corrections. Box extent denotes 25th and 75th percentiles of data in bins of width M 0.2,
and whiskers represent 5th and 95th percentiles. Note the wider scale in the log β panels
((a) and (d)).

We select calibration events with magnitudes between M 1.4 and M 1.6, located within

10 km horizontally and 2 km vertically of the target event. The tighter vertical constraint

reflects the greater sensitivity of path effects to depth variations (Abercrombie et al., 2021).

To ensure robust estimation of ∆ log β, we require a minimum of 10 calibration events per

station. Events tagged as quarry blasts or explosions are excluded as calibration events,
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but not as target events. The source code (see the Data Availability Statement section)

allows calibration events to be restricted to a time window around each target event.

Results computed using a ±180 day window are included in the Supporting Information

for reference.

The resulting ∆ log β values represent relative source variability. Naturally, the

relative amount of high-frequency energy is magnitude-dependent, as larger earthquakes

have longer source durations and proportionally less high-frequency energy. We remove this

magnitude dependence using a single, global correction; however, we perform this correction

separately for the NCEDC and SCEDC results to reduce the effect that differences in

catalog magnitude might have on our results (Pinilla-Ramos et al., 2026).

We compute the median ∆ log β in magnitude bins of width M 0.2 and smooth the

result with a Savitzky-Golay filter of order 3 (see Fig. 4.3 panels b and e). We interpolate

this smoothed curve to each event’s magnitude and subtract it from the corresponding

∆ log β to obtain nFI. This allows us to analyze source variability relative to the average

earthquake of the same magnitude. By construction, nFI has roughly zero median at

any magnitude: positive values indicate high-frequency enrichment, and negative values

indicate depletion.

4.4 Results

Out of 776,860 cataloged earthquakes, we obtain nFI estimates for 491,304 events

(58%), of which about 17% are calibration-sized events. The majority of M ≥ 2 events

without an nFI estimate are located offshore, outside California borders, or deeper than

20 km, where station coverage is poorer and calibration-sized earthquakes are less well

recorded. The nFI distribution is approximately Gaussian with a slight negative skew;

median nFI is about zero to within 10−3 (as expected by construction), and the standard

deviation is 0.310. The distribution does not differ significantly between the northern
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and southern California catalogs. Since about 95% of cataloged events are shallower than

20 km in depth, we refer to events deeper than 20 km as “deep” events.

Non-tectonic events show systematically lower nFI than tectonic earthquakes

(Fig. 4.4). Event type classifications in the NCEDC and SCEDC catalogs distinguish tec-

tonic earthquakes from long-period volcanic events, quarry blasts, and chemical explosions.

Long-period volcanic events, located in the Long Valley Caldera, Geysers, and Lassen Peak

regions, have a median nFI of −0.29 (N=79). Quarry blasts and chemical explosions have

a median nFI of −0.29 (N=1,445) and are distributed widely across California. These

findings are in agreement with Allmann et al. (2008), who found that quarry blast spectra

have a steeper falloff rate than earthquakes in southern California.

Figure 4.4. Histograms of nFI for different catalog-identified event types: eq = tectonic
earthquake, qb = quarry blast, ex = chemical explosion, and lp = long-period volcanic
event.

Unless otherwise stated, all further results presented are for natural earthquakes

(including long-period volcanic events) of at least M 2 because spatial variation is less

apparent in the smaller events as they approach the size of the M ∼ 1.5 calibration

events. By normalizing the results relative to calibration events within 10 km epicentral
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distance, our method naturally suppresses nFI variations at 10-km and longer scales for

near-calibration event magnitudes, but has the advantage of ensuring that spatial nFI

variations seen in larger events must indicate real differences in source properties rather

than uncorrected attenuation or other path effects.

4.4.1 Stress drop comparison

The normalized frequency index quantifies an earthquake’s relative high-frequency

content. Stress drop does this indirectly, so the two should correlate as they did in

Vandevert et al. (2026) for the Ridgecrest aftershocks. We compare nFI to San Francisco

Bay Area stress drop estimates from Trugman and Shearer (2018) and southern California

estimates from Shearer et al. (2022) (Fig. 4.5). The nFI and log10∆σ estimates exhibit

a positive correlation, but with considerable scatter. The scatter is unsurprising given

differences in how the two parameters are computed, and reinforces that nFI is not

intended to be a proxy for stress drop (Vandevert et al., 2026).

Figure 4.5. nFI plotted against stress drop from: (a) Trugman and Shearer (2018) for
events in the San Francisco Bay Area; and (b) Shearer et al. (2022) for events in Southern
California. The log width of each plot is the same, but note the different x-axis range due
to varying average ∆σ in each study.
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4.4.2 Hypocentral depth

In both the NCEDC and SCEDC catalogs, nFI rises sharply with depth in the

upper few kilometers, followed by a gradual increase in nFI with depth down to about

10–12 km (Fig. 4.6). Median values below 14 km are less certain because only about

4% of events fall in this range. The shallow increase in the NCEDC catalog reflects a

concentration of very low nFI events in the Geysers region, a shallow geothermal field.

Excluding Geysers events dampens the sharp increase but preserves the gradual increase

across the remaining depth range. Increasing normal stress with depth has been proposed

as a mechanism for the depth dependence of stress drop (Marone, 1998), but this is

not always observed. Our results are in agreement with Abercrombie et al. (2021), who

reported increasing spectral high-frequency content with depth for all magnitudes.

Figure 4.6. nFI versus earthquake depth for earthquakes M ≥ 2. Circles represent
median nFI in bins of 2 km. Red circles are computed identically but without events in
the Geysers region (see Fig. 4.1 subregion A). Bars denote 2× the standard error.

4.4.3 Focal mechanism

We compare nFI to focal mechanisms from Cheng et al. (2025) for 1995–2021,

restricting the comparison to M ≥ 2 events with focal mechanism uncertainty below

20◦. Using the method from Shearer et al. (2006), we parameterize faulting style on a
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continuous scale from −1 (normal faulting) to +1 (reverse faulting), with 0 representing

strike-slip faulting. This dataset is dominated by strike-slip events because of California’s

transform boundary, with about 3× as many events as either normal or reverse. In both

the NCEDC and SCEDC catalogs, median nFI is higher for reverse-faulting events than

for strike-slip events (Fig. 4.7). In contrast, nFI for normal-faulting earthquakes relative

to strike-slip earthquakes is lower in the NCEDC catalog but higher in the SCEDC catalog.

Figure 4.7. nFI (top row) and a depth-corrected nFI (bottom row) plotted against focal
mechanisms from Cheng et al. (2025) for earthquakes M ≥ 2. Depth-corrected nFI is
computed by subtracting the median nFI at the depth of each earthquake (see Fig. 4.6 for
median nFI at depth). Bars denote 2× the standard error. Faulting style is parameterized
on a continuous scale from −1 to +1 using the method from Shearer et al. (2006).

The focal mechanism dependence appears to be affected by the specific depths
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at which the faulting types occur: normal-fault events are systematically deeper in the

SCEDC catalog (median depth = 7.5 km) compared to the NCEDC catalog (median depth

= 3.1 km). To quantify this disparity, we compute a depth-corrected nFI by subtracting

from each earthquake’s nFI the median nFI of events at that depth (Fig. 4.7). This

is done separately for the two catalogs. Compared to strike-slip events, SCEDC normal

events still have a higher depth-corrected nFI. However, the difference between faulting

styles among NCEDC events is greatly reduced, though a small difference remains. Depth

alone does not account for all the difference, but dampens the effect. For reverse-faulting

events, we again find that depth alone does not account for all the difference, and reverse

events have higher nFI than strike-slip.

4.4.4 Heat flow

The surface heat flow compilation of Lucazeau (2019) provides heat flow on a global

0.5◦ × 0.5◦ grid. The highest values in California occur at the Geysers, the Salton Trough,

the Coso Geothermal Field, the Long Valley Caldera, offshore San Diego, and near Lassen

Peak; the lowest values occur in the Central Valley and the Los Angeles Basin.

We interpolate the heat flow grid to a finer ∼1 km grid using a radial basis

interpolator and assign the interpolated heat flow value at each event’s epicenter. In both

catalogs, nFI is approximately constant at low to moderate heat flows and drops sharply

at high heat flow (Fig. 4.8). The drop-off threshold is near 100 mW/m2 in the NCEDC

and 140 mW/m2 in the SCEDC. However, the NCEDC events have a slightly elevated

nFI at moderate heat flows (about 80–100 mW/m2). These results are in agreement

with stress drop observations in Hauksson (2015), who attributed low stress drops at high

heat flow to a shortened fault healing time. In any case, the observations suggest that

earthquakes that occur in regions with high surficial heat flow are relatively depleted, on

average, of high-frequency content.
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Figure 4.8. nFI plotted against surface heat flow at the location of each event. Heat
flow data are from Lucazeau (2019). Bars denote 2× the standard error.

4.4.5 Spatial variation

While there is no significant difference in average nFI between the NCEDC and

SCEDC catalogs, we do identify many spatial variations. In northern California, the

northwest-southeast trending faults north of San Francisco produce low-nFI earthquakes

on average (Fig. 4.1). This region includes the Geysers, a seismically and geothermally

active region with about 87,000 M ≥ 1 earthquakes and a very low average nFI of about

−0.3. Near San Francisco, the San Andreas and Hayward faults appear to have higher-

than-average nFI. East of the Sierra Nevada, three regions that have low- and high-nFI

clusters in close proximity are Mammoth Lakes, near Walker, and the Coso Geothermal

Field. In southern California, larger-scale spatial patterns include a low-average nFI near

the Salton Sea and high-nFI earthquakes along the San Jacinto fault zone.

4.5 Discussion

The large-scale spatial patterns, including the low-nFI region north of San Francisco

and the high-nFI region southeast of Los Angeles, appear to be robust features of California

seismicity. Earthquakes in the low-nFI region are shallower than those in the high-nFI
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region, and while we have observed increasing nFI with depth, the nFI anomalies in both

regions exceed what the depth trend alone predicts. Because our analysis combines events

from two independent data centers with their own magnitude and origin conventions, a

systematic difference in ∆ log β versus magnitude between catalogs could, in principle,

result in an artifact resembling spatial variation. We tested this possibility by computing

nFI two ways: with a single statewide magnitude correction applied to all events, and with

separate corrections applied to each catalog. The resulting spatial patterns are visually

indistinguishable at this scale and the low- and high-nFI regions persist in both cases. We

nonetheless adopt the catalog-specific corrections in our preferred results to accommodate

any residual differences between catalogs that the joint correction might not account for.

We observe a gradual increase in relative high-frequency radiation with depth

across the dataset down to about 10 km after removing the shallow Geysers seismicity

(discussed above). In the upper few kilometers, this trend could in principle be biased by

how calibration events are selected. Sharp velocity gradients in the upper few kilometers,

combined with the increasing scarcity of earthquakes closer to the surface (Fig. 4.6), mean

that calibration events for a shallow target are drawn disproportionately from deeper,

faster material. The raw log β of those calibration events would be systematically higher

than that of events at the target’s depth, so the calibration step would over-correct and

bias the target nFI downward. We tested the plausibility of this by recomputing nFI

with a tighter vertical calibration window of ±1 km instead of ±2 km. Doing this, the

sharp increase in shallow events is only slightly dampened and the remaining depth profile

is largely unchanged, so this effect is likely not controlling the sharp increase.

Stronger normal stress at depth has been proposed as a mechanism for increasing

stress drop with depth (Marone, 1998). Some studies have observed increasing stress drop

with depth (Boyd et al., 2017; Hardebeck and Aron, 2009; Trugman, 2020), while others

have found no increase with depth (e.g., Shearer et al., 2006; Allmann and Shearer , 2009).

Abercrombie et al. (2021) found that the apparent increase in stress drop with depth is
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largely removed when a depth-dependent empirical correction is made, observing that: (1)

earthquakes of all magnitudes are more enriched in high-frequency energy with increasing

depth; (2) in all regions, earthquakes of a similar size increase in high-frequency energy

with depth; and (3) this increase is more pronounced in regions with a steeper change

in the local velocity structure. Our observations are consistent with (1) and (2). We do

observe different amounts of depth dependence in different regions, however we do not

quantitatively compare with velocity structures.

Our results show a great deal of coherent variability in median nFI over a wide

range of spatial scales. As discussed above, our empirical calibration method using nearby

small-magnitude calibration events ensures that these variations reflect differences in

source spectral content; that is, they are not caused by near-source attenuation structure.

Although some of the nFI variations correlate with depth, focal mechanism, and heat

flow, these factors account for only a fraction of the observed signal.

In the following subsections, we discuss results for selected regions of interest in

more detail. However, there are many intriguing signals in other areas that we encourage

other researchers to explore using our archived interactive maps (See Data Availability

Statement).

4.5.1 nFI in geothermal regions

Our results show that median nFI has some dependence on heat flow (Fig. 4.8),

especially in regions of high heat flow, where nFI is very low. Wells used for geothermal

energy are more likely to be located in areas of higher heat flow. Three regions that contain

many geothermal wells, the Geysers, the Coso Geothermal Field, and the Salton Trough,

also tend to have low nFI within a short distance of the wells (Fig. 4.9). Statewide, the

median nFI of M ≥ 2 earthquakes within 0.01◦ of a geothermal well is very low, at −0.19.

The Long Valley Caldera is a volcanic caldera formed by a large eruption about

750 ka and has experienced activity since (Bailey et al., 1976; Biondi et al., 2023). As a
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Figure 4.9. Zoomed map views of M ≥ 2 seismicity in three California geothermal regions,
colored by nFI: (a) the Geysers (N=7,578), (b) the Coso Geothermal Field (N=5,621),
and (c) the Salton Sea Trough (N=3,406). Yellow shaded areas mark regions within 1 km
of geothermal wells. Well-constrained fault traces are plotted as dark gray lines, all others
are light gray. See Figure 4.1 for subregion locations.

Figure 4.10. Map of seismicity in the Long Valley Caldera region colored by nFI
(N=6,283), with mapped volcanic vents shown as orange triangles. Events within the
caldera ring fault (black line) and near vents display lower nFI. All other faults are shown
as gray lines.

result, there are many shallow and surficial geothermal features in the region including

volcanic vents and hot springs (Bailey , 1989). We show our nFI results, volcanic vent

locations, and caldera ring in Figure 4.10. Active vent locations are mostly inside the
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caldera and to the west and southwest. There are also many geothermal wells inside the

caldera that are not shown. Earthquakes inside the caldera exhibit lower nFI (median

= −0.01) than those outside (median = +0.14). Extending from the southern rim of

the caldera, we also note two parallel north-south trending features: one high-nFI and

one low-nFI to its east. These spatial variations may reflect differences in underground

structure.

4.5.2 Ridgecrest sequence

The 2019 Ridgecrest sequence began on 4 July when a M 6.4 earthquake ruptured

on a northeast-trending strike-slip fault about 15 km WNW of Ridgecrest, California. The

M 7.1 mainshock followed ∼ 34 hours later on a perpendicular, northwest-trending fault

about 17 km NNW of Ridgecrest (Ross et al., 2019). Roughly 13,000 M ≥ 1 aftershocks

followed within two weeks, well recorded by California’s dense regional network. The

sequence has spurred numerous studies, including the Community Stress Drop Validation

Study (Abercrombie et al., 2025a). Vandevert et al. (2026) introduced nFI using this

catalog; here we examine the post-M 6.4 sequence within our statewide context, which

contains roughly 3× as many events over five years.

The Ridgecrest sequence’s nFI structure is consistent with prior characterizations

of this region. The statewide nFI values correlate with those of Vandevert et al. (2026)

(r = 0.67) with broader spread that reflects the different magnitude calibrations between

studies. In map view, nFI reproduces the spatial pattern described in Vandevert et al.

(2026) (Fig. 4.11): a region of low average nFI near the northwestern end of the aftershock

zone (east of point A in Fig. 4.11) and higher nFI in the central region where the two main

fault traces intersect; similar patterns have been reported in other studies (e.g., Trugman,

2020; Knudson et al., 2025; Abercrombie et al., 2025a). The low-nFI region is adjacent

to the Coso geothermal field, so heat flow and geothermal activity may control nFI in

this region. In cross section, depth dependence mirrors the statewide trend (Fig. 4.6),
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exhibiting a sharp increase in nFI at shallow depths followed by a gradual increase below.

Figure 4.11. Map view (top) and three cross sections of the 2019 Ridgecrest, California,
aftershock sequence, with events colored by nFI. Well-constrained fault locations are
plotted as dark gray lines, all others are light gray. Only M ≥ 2 events after the M 6.4
event on 4 July 2019 are shown. Contours in A and B cross sections are meters of slip
from the joint inversion model in Wang et al. (2020).
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It is uncertain whether mainshock slip distribution controls the source parameters

of aftershocks. Patches with higher slip generally have fewer aftershocks (Das and Henry ,

2003), and lower aftershock stress drops in these patches have been hypothesized, but

recent studies remain inconclusive (e.g., Shearer et al., 2006; Woessner et al., 2006;

Ruhl et al., 2023; Folesky et al., 2024). The overlain joint seismic-geodetic slip inversion

of Wang et al. (2020) (Fig. 4.11) shows no apparent correlation with nFI. This is

consistent with an analogous stress drop comparison in Vandevert et al. (2024). Possible

interpretations include: (1) coseismic slip does not strongly affect the high-frequency

content of aftershocks, and other fault zone properties are more controlling; (2) nFI at

this scale lacks the resolution or certainty to identify such a relationship; (3) inversion

models smooth over small-scale heterogeneities so any correlation would be undetectable;

(4) some combination of these.

4.5.3 Hector Mine sequence

The M 7.1 Hector Mine mainshock ruptured a northwest-trending strike-slip fault

complex about 190 km ENE of Los Angeles, California, on 16 October 1999 (Hauksson

et al., 2002). Through 2024, over 21,000 M ≥ 1 events have been recorded by SCEDC

within the region shown in Figure 4.12, concentrated along the complex branching fault

zone. The depth dependence of nFI in this region mirrors the statewide trend (Fig. 4.6):

a sharp shallow increase followed by a gradual increase below.

Few studies have computed stress drops for the Hector Mine sequence on a large

scale, but some have done so for a small subset. Both Chen and Shearer (2013) and Yoon

et al. (2019) found that foreshocks had lower stress drops than aftershocks, consistent with

our observations; M ≥ 2 foreshocks within 5 days of the mainshock have a slightly lower

median nFI (−0.09, N=7) than aftershocks within 5 days (+0.11, N=840). However, the

foreshock sample is small, and it is unclear whether this reflects selection bias; networks

are less likely to identify small earthquakes with relatively less high-frequency energy
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Figure 4.12. Map view (top) and three cross sections of aftershocks of the Hector Mine
earthquake on 16 October 1999. Well-constrained fault locations are plotted as dark gray
lines, all others are light gray. Only M ≥ 2 events after the mainshock are shown. Slip
contour lines are projected onto the cross sections using results from Ji et al. (2002) but
may differ slightly because of the complex fault geometry. The M 7.1 mainshock (yellow
star) uses the depth computed in Hauksson et al. (2002) (5 ± 4 km) rather than the
SCEDC catalog depth (13.7± 31.6 km) because of its lower uncertainty.

immediately following a large mainshock because of the increased seismic activity. Within

a year of the mainshock, aftershocks return to a negative average nFI in the same region;
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it is equally uncertain whether this observed increase in nFI is a network artifact or a

real change in high-frequency content.

Spatial variation is clearer than temporal variation, and we identify structure in

nFI along the three cross sections. Along A–A’, the M 7.1 hypocenter is bounded by a

high-nFI region towards A and a low-nFI region towards A’. Multiple vertically-elongated

low-nFI clusters are apparent in all three cross sections, including one ∼35 km along A–A’

that is capped by high-nFI events. These features are on the scale of a few kilometers,

but their cause is unclear. Hauksson et al. (2002) identified several low-Vp/Vs anomalies

around 5–12 km in depth that might correlate with some of these anomalous clusters, but

a direct comparison is difficult.

As with the Ridgecrest sequence, we find no general correlation between mainshock

slip and nFI. We compare our nFI to the slip from Ji et al. (2002), computed using a

joint seismic-geodetic inversion. While the patch of highest slip has events with higher

nFI on average, this does not translate into a statistically significant correlation.

4.5.4 Central San Andreas Fault

The central San Andreas Fault is one of the most-studied fault zones in the world. A

60 km long creeping section (Fig. 4.13, gold region) is flanked by two zones that transition

from creeping to locked behavior. The 1989 Loma Prieta earthquake ruptured a locked

segment about 100 km northwest of A in Figure 4.13, and the 2004 M 6.0 Parkfield

earthquake ruptured parts of the southern transition and locked zones (Liu et al., 2022).

As in the Ridgecrest and Hector Mine sequences, we identify clear spatial variation

in nFI with depth. Notably, earthquakes along the central San Andreas Fault (those

in A–A’ in Figure 4.13) exhibit a higher median nFI of +0.11. nFI is highest in the

northern transition zone and creeping section (+0.14 and +0.13, respectively) but lower

in the southern transition zone (+0.07). The locked section in Figure 4.13 also has a high

nFI (+0.18), but only contains 9 earthquakes. Further, while much of the creeping zone

93



Figure 4.13. Map view (top) and fault-parallel cross section (bottom) of seismicity
along the central San Andreas Fault, with events colored by nFI. Well-constrained fault
locations are plotted as dark gray lines, all others are light gray. Only M ≥ 2 events
are shown. Cross-section events are projected onto the section line (A–A’) from within
±5 km. Shaded bands mark the fault’s approximate segmentation (from Liu et al. (2022)):
a central creeping section (Bitterwater to the San Andreas Fault Observatory at Depth
[SAFOD]), flanking transition zones to the north and south, and locked sections beyond.
The 2004 M 6.0 Parkfield earthquake is shown as a yellow star. Contours denote its
finite-source slip model in decimeters, from Ji et al. (2004).

has sparse seismicity between the more active patches, this sparse seismicity tends to have

higher nFI. The shallow cluster (∼2–4 km) of low-nFI events below the central creeping

section could be related to material properties. Moore and Rymer (2007) identified a

large horizontal serpentinite body, extending approximately 45 km northwest from the

San Andreas Fault Observatory at Depth (SAFOD). They suggest that talc, a mineral

of very low shear strength, could be responsible for the creeping section. Whether this

results in lower nFI, however, remains unclear.

We find no relation between slip from the 2004 Parkfield earthquake and nFI. Slip

is determined from an interpolated finite-source model (Ji et al., 2004) projected onto
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A–A’ (Fig. 4.13). This is consistent with findings of Zhang et al. (2022), who computed

stress drops along the San Andreas fault and found no correlation with mainshock slip.

4.5.5 Temporal variation

At the statewide scale, we observe no clear temporal variation in average nFI in

any region. Because nFI is computed relative to the average of small nearby calibration

events occurring over the entire 30-year study period, it should be sensitive to temporal

changes in absolute spectral ratios, i.e., to changes in the M 1.4–1.6 calibration event

average spectral properties as well as to changes in relative spectral shapes. However, to

test for robustness with respect to possible changes in network properties unrelated to

source properties, we also performed nFI calculations in which calibration events were

restricted to being within ± 180 days of the target events. This reduced the number of

target events with the required 10 calibration events, but did not change the observed

pattern of higher and lower nFI regions or introduce temporal variations.

At Parkfield, some studies have reported temporal variation in source parameters.

Allmann and Shearer (2007) examined a section of the San Andreas Fault similar to

that in Figure 4.13 and found resolvable temporal changes in stress drop in some fault

patches following the 2004 Parkfield earthquake, but noted the large scatter in these

measurements. Abercrombie (2014) also reported a gradual increase in stress drop within

some earthquake clusters on the San Andreas Fault, followed by a drop after the 2004

Parkfield event. Zhang et al. (2022) found small amounts of temporal variation in the

same area, but only on fault patches with higher numbers of well-recorded events, and

noted the difficulty in interpreting these patterns because of the high uncertainty. Our

nFI values exhibit apparent temporal variation on smaller scales, but the high variability

of these measurements leaves our results inconclusive; resolving whether this variation is

real will require further work.
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4.5.6 Other possible sources of variation

Beyond those examined above, several other physical mechanisms have been pro-

posed to explain spatial variability in high-frequency radiation. Explanations relating to

interseismic fault healing have been proposed, which are supported by stress drop observa-

tions. Stress drop has been observed to correlate with recurrence time (e.g., Kanamori

and Allen, 1986; Marone et al., 1995; Karner and Marone, 2000) and shear strain rate

(Hauksson, 2015). Intraplate earthquakes tend to have higher stress drops than interplate

earthquakes near tectonic plate edges (Kanamori and Anderson, 1975). These observations

have been interpreted as frictional strengthening during the interseismic period (Kanamori

and Allen, 1986; Marone et al., 1995). Li et al. (2003) found evidence of fault zone healing

through an increase in wave velocity before and after the Hector Mine earthquake, but

because of the difficulty in resolving temporal variation, it is unclear whether nFI could

be used in this way.

Fault strength and maturity could also have a role in high-frequency variability, both

of which have been proposed as controls on stress drop (Cao and Aki , 1986). Manighetti

et al. (2007) reproduced the stress-drop versus maturity relationship with a model in

which mature faults rupture as multiple linked segments. Numerical experiments have also

shown that fault gouge reduces stress drop (Mora and Place, 1998). Rupture kinematics

may contribute as well. In large earthquakes, stress drop anticorrelates with rupture

velocity (Chounet et al., 2018; Causse and Song , 2015), but this is difficult to measure in

smaller earthquakes. Faulting style may also affect high-frequency variability; Allmann and

Shearer (2009) observed that strike-slip earthquakes have higher stress drops on average,

though this has not been universally observed (Scholz et al., 1986).

Certain near-source conditions have also been proposed to affect high-frequency

energy output rather than fault properties itself. Several studies document a change

in high-frequency energy with depth (e.g., Trugman, 2020; Hardebeck and Aron, 2009),
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though Abercrombie et al. (2021) showed that much of this trend may be an artifact of

depth-dependent attenuation rather than a true source effect. Higher heat flow has been

proposed to facilitate fault healing and correlate with stress drop in regions with low

to medium heat flow (Hauksson, 2015), but regions of very high heat flow such as the

Salton Trough and Coso Geothermal Field, conversely show lower average stress drops,

consistent with our nFI estimates. Pore pressure likely also influences high-frequency

content: reduced frequency content has been observed near fluid injection sites (Salvage

and Eaton, 2022; Goertz-Allmann et al., 2011) and in volcanic settings with elevated fluid

pressures (e.g., Chouet , 1996), consistent with our nFI results in the Long Valley Caldera

(Fig. 4.10).

4.6 Conclusions

We compute the normalized frequency index (nFI) for 30 years of California

seismicity, producing the first statewide characterization of relative high-frequency source

variability. The nFI measures the relative amount of high-frequency content in an

earthquake, using small-magnitude calibration events near each target event to remove path

and station effects. Because it requires few modeling assumptions concerning attenuation

or earthquake rupture properties, nFI is not subject to spectral modeling bias and remains

closely tied to observational data. The resulting spatial patterns are robust to nFI

parameter choices and persist across two independently maintained catalogs, indicating

that they reflect real variability rather than artifacts.

Our nFI values quantify the relative high-frequency radiation that contributes to

ground motion, and they correlate with stress-drop estimates from previous studies, while

being easier to compute across a catalog of this size. No single mechanism accounts for the

observed variability, consistent with the large-scale stress drop comparison of Hauksson

(2015). We do, however, resolve several robust associations. Our main findings are:
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1. California exhibits both large-scale (on the order of hundreds of kilometers) and

small-scale (on the order of a few kilometers) spatial variation in the relative high-

frequency content of earthquakes. This variation is robust to the choice of magnitude

correction and consistent between the NCEDC and SCEDC catalogs.

2. nFI correlates with independent stress drop estimates. While the scatter is high,

nFI captures real variability in rupture mechanics but is not intended as a stress

drop proxy.

3. Relative high-frequency content increases with depth: a sharp rise in the upper

few kilometers is followed by a gradual increase to about 10–12 km. This depth

dependence varies between regions but is, on average, a gradual increase.

4. Regions of high surface heat flow produce earthquakes with depleted high-frequency

content, especially where heat flow is above 100–140 mW/m2. The geothermal and

volcanic regions of the Geysers, Coso, Salton Trough, and Long Valley Caldera all

produce earthquakes with less high-frequency content.

The statewide results presented here identify the regions and structures where this

variability is concentrated. Some regions produce earthquakes with systematically stronger

or weaker high-frequency amplitudes than average. Connecting these spatial patterns

quantitatively to other geophysical parameters like velocity structure, fault maturity, and

the presence of fluids remains the task of future work. In the near term, maps of median

nFI could inform regionally varying stress-drop or high-frequency adjustments in ground

motion models, offering a direct observational path toward improved hazard estimates.

4.7 Data Availability Statement

The installable py-nfi package used to compute nFI is available on GitHub (https:

//github.com/ivandevert/py-nfi). Scripts and Jupyter Notebooks that reproduce the
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results and figures in this study are available in a separate GitHub repository (https:

//github.com/ivandevert/california-nfi).

The NCEDC and SCEDC earthquake catalogs, waveforms, and catalog picks used

in this study are hosted in cloud repositories: the northern California dataset and metadata

are described at https://ncedc.org/db/cloud.html (last accessed February 2026), and the

southern California dataset and metadata are described at https://scedc.caltech.edu/

data/cloud.html (last accessed February 2026). Station metadata are available through

FDSN requests: https://service.ncedc.org/fdsnws/station/1/ and https://service.scedc.

caltech.edu/fdsnws/station/1/ for the NCEDC and the SCEDC, respectively (last accessed

February 2026).

The 1984–2021 northern California relocated earthquake catalog (Waldhauser

and Schaff , 2008) is available at https://nocaldd.ldeo.columbia.edu/catalog/ (version

NCAeqDD.v202112.1, last accessed 1 June 2026). The 1981–2025 southern California

relocated catalog (Hauksson et al., 2012) is available at https://scedc.caltech.edu/data/alt-

2011-dd-hauksson-yang-shearer.html (last accessed 1 June 2026). Finite-source rupture

models for the Hector Mine and 2004 Parkfield earthquakes are obtained from the SRCMOD

database (Mai and Thingbaijam, 2014) located at http://equake-rc.info/srcmod (last

accessed 31 May 2026).
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Chapter 5

Conclusion

Earthquakes are among the most devastating of natural disasters, but their origins

and properties are not fully understood despite years of study. Because earthquake

ruptures initiate and and propagate at depths largely inaccessible to direct observation,

seismologists rely on surface seismic recordings of their radiation. These seismograms are

then interpreted in terms of theoretical source models, which are prone to high uncertainty

(Abercrombie, 2021) and can introduce bias (Abercrombie and Baltay , 2025). There are

many challenges to this process, notably oversimplified source models and uncertainties in

path corrections (attenuation) between source and receiver.

Stress drop is the parameter conventionally invoked in explaining why some earth-

quakes produce more high-frequency energy than others, but the link between the two is

indirect and often unreliable. Lacking more detailed knowledge, the earthquake rupture

plane is often assumed circular with rupture occurring smoothly as an expanding crack.

Assuming a fixed rupture velocity, P- and S-wave displacement spectra can be predicted as

a function of seismic moment and stress drop. Thus, in principle, both moment and stress

drop can be estimated from observed displacement spectra. However, stress drop estimates

are highly model dependent, with complex crack geometries, rupture type (crack-like or

pulse-like), rupture velocity, and rupture complexity affecting results. In general, ruptures

with higher stress drop produce more high-frequency radiation, but earthquakes vary
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widely in their properties and individual earthquake spectra often are much more irregular

than the smooth spectra predicted by idealized models. It cannot safely be assumed that

an earthquake that radiates more high-frequency energy than another earthquake of equal

moment is a higher stress drop event.

Comparing observed spectra to source models requires correcting for path effects

and attenuation, but these methods have tradeoffs and can be unstable. Theoretical models

predict the seismic radiation leaving the source, but attenuation along the source-receiver

path acts as a low-pass filter that preferentially removes high-frequency radiation. Thus,

to compare observed spectra to source models, the lost high frequencies must be restored

by correcting for path attenuation. Unfortunately, Earth’s crustal attenuation structure

is usually not known well enough to compute accurate corrections, forcing seismologists

to apply empirical ones. These methods vary, but generally compare an event to one

or more colocated earthquakes such that effects along the source-receiver path can be

assumed identical, and impose assumptions about the expected form of the source spectra.

Although widely applied for many years, it has recently been shown that these empirical

approaches are unstable and have too many free parameters to yield stable attenuation

corrections (Shearer et al., 2019, 2024).

Given the uncertainties in both the appropriate physical source model and the

size of attenuation corrections, it is not surprising that the recent Ridgecrest Stress Drop

Validation Exercise (Baltay et al., 2024; Abercrombie et al., 2025a) showed widely different

stress drop estimates among different groups and methods for the same earthquakes (e.g.,

Vandevert et al., 2024; Calderoni and Abercrombie, 2024; Bindi et al., 2025; Knudson

et al., 2025). However, the validation exercise suggested that the relative variations in

stress drop between events were much better resolved. That is, if one group found that

Event A has a much higher stress drop than Event B, then it is very likely that other

groups would agree that the Event A stress drop is higher, regardless of any disagreements

regarding the absolute value of the Event A stress drop. This suggests that variations
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in high-frequency radiation among earthquakes are real even if stress drop for individual

events cannot be reliably determined. The projects in this thesis are motivated by these

results and aim to chart a new path forward.

Chapter 2 applies a stabilized version of the spectral decomposition method (similar

to Shearer et al. (2022)) to the 2019 Ridgecrest, California, aftershock sequence of over

10,000 events and provides reliable stress drop differences over the entire Ridgecrest

aftershock zone. Separate analyses using both P and S waves yield highly correlated

results with similar spatial variations. Earthquakes near the Coso geothermal field tend to

have lower stress drops, and earthquakes near the M 7.1 hypocenter have higher stress

drops. However, we found no strong correlation between our stress-drop estimates and the

M 7.1 Ridgecrest earthquake slip distribution, suggesting a complex, heterogeneous stress

environment in this region.

Chapter 3 introduces a new empirical method to measure high-frequency radiation

differences among earthquakes that is directly tied to the observations and requires no

theoretical modeling assumptions. The method yields the normalized frequency index

(nFI) for each earthquake, measuring relative differences in high-frequency radiation

compared to the median for earthquakes of the same magnitude. These nFI are easy to

compute and are ideally suited to the analysis of large sets that contain dense clouds of

seismicity with many small earthquakes that can serve as calibration events to remove

lateral differences in attenuation corrections. Although not intended as a proxy for stress

drop, the nFI values are, unsurprisingly, correlated with stress-drop estimates for the

Ridgecrest aftershocks.

Chapter 4 extends the nFI approach to over 750,000 California earthquakes

spanning 30 years, revealing striking spatial variations in average nFI values that indicate

systematic differences in earthquake radiation and dynamics. These variations correlate

to varying degrees with heat flow, depth, focal mechanism, timing of last fault slip, and

geothermal activity, suggesting a complex dependence on multiple geophysical processes.

102



The nFI values show no resolvable correlation with other parameters, such as strain rate,

fault complexity, and maximum seismic depth. We did not observe any large-scale temporal

variations, but there are suggestive but not conclusive smaller-scale variations. Regardless

of their origin, our nFI results reveal spatially coherent differences in high-frequency

radiation from earthquakes in many regions where such variations had not previously been

observed.

Given the large scatter in individual earthquake source spectra, comprehensive

analysis of large datasets using a consistent approach is essential for identifying robust

variations in earthquake dynamics and linking them to other physical processes. To

support this effort, we are making our nFI code publicly available for application to

other earthquake catalogs and anticipate testing whether other seismically active regions,

such as Japan, New Zealand, and Italy, exhibit spatial variations in earthquake radiation

comparable to those seen in California.

Moving forward, we must develop new observational tools that keep pace with

modeling advances. High-performance computing allows us to capture more of the rupture

physics and dynamics of earthquakes (e.g., Gabriel et al., 2024; Kaneko et al., 2019),

and new observational approaches can ensure these increasingly detailed models remain

grounded in what we can measure. The existence of robust yet largely unexplained

spatial variations in average spectral content in earthquake radiation points to unresolved

questions in earthquake physics and motivates future work toward improving ground

motion models.
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