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Abstract

A long-standing goal of volcano monitoring has been to better constrain the movement of

magma leading up to and during an eruption. Recent advances in seismology have allowed

changes in magma chambers and the presence of magmatic bodies to be examined through

ambient seismic noise correlations. In this thesis, ambient seismic noise correlations are

used to examine the eruptive activity at Kı̄lauea volcano, Hawai‘i, from May to August

2018. Single-station vertical-vertical ambient noise autocorrelations are obtained from four

broadband seimic stations that span the edge of Halema‘uma‘u crater at the summit to the

area of active flows and vents in the Lower East Rift Zone. These autocorrelation functions

progressively lose their coherence starting from the summit on May 6th and propagating

downrift to all stations by May 12th. The stations regain coherence by the end of May.

The loss of coherence begins within 48 hours of the May 4th magnitude 6.9 flank earth-

quake, and the stations return to coherence corresponds well to both the beginning of the

collapse events at the summit and significant eruption at Fissure 8 in the Lower East Rift

Zone. The decorrelation of the autocorrelation functions is interpreted as being the result

of microseismicity and/or scattering caused by a magmatic intrusion triggered by the May

4th earthquake. The intrusion progresses from the summit area into the Upper East Rift

Zone, eventually creating a more definite link between the magma reservoirs of the summit

and the fissures in the Lower East Rift Zone resulting in significantly increased lava outflux.

The model suggests a dynamic relationship between the flank earthquake, magma transport,

summit collapse, and eruption from active vents and identifies a new type of magma intru-

sion that has no associated seismicity. Such a “silent” intrusion and its ability to facilitate

unwarned-of-eruption has implication for volcano monitoring and hazard management.
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Chapter 1

Introduction

“The destruction of St. Pierre in Martinique set the stage for field work on
volcanoes... The streets were full of rubble, and everything was coated with
green-gray powder. Roofs were gone, an occasional timber was burning, and
bodies were still numerous in the shells of houses... Gradually I realized that the
killing of thousands of persons by subterranean machinery totally unknown to
geologists was worthy of a life work.”

– Thomas A. Jaggar, My Experiments With Volcanoes

Volcanoes are one of the most primal and destructive forces on Earth, and have made

a notable impression upon the human consciousness; mention of the word brings to mind

images of fiery destruction and names like Pompeii, Krakatoa, and Mount St. Helens. Un-

fortunately, for a natural hazard with such significant impact on humanity, there remains

much to learn about the inner workings of volcanoes and how to predict their activity. This

knowledge is crucial to saving lives by mitigating the hazard imposed upon us by volcanic

eruption. However, up to present day, despite a strong impetus to grow our understanding

of this natural phenomenon, as much, if not more, has been learned about the vast expanse

of outer space than about the destructive force that lies beneath our feet, threatening our

very existence (McNutt , 2005).

The disparity in our comprehension of volcanoes relative to other parts of the natural

world is largely the result of two factors: long periods of repose between eruptions relative

to a human lifespan; and the fact that we cannot dig to excavate and physically explore a

volcano and its plumbing. Our understanding is limited by both the infrequency of eruptions
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and the indirect observations that can be made from the surface. This is not to say that

trying to understand volcanoes is a lost cause, but rather that new techniques for examining

underground processes are of great interest to both the scientific community and humanity.

Although we are bound to the surface, many different sources of data exist for volcano

monitoring, and the development of many of these is in no small part thanks to one of the

pioneers of modern volcanology, Thomas Jaggar.

After witnessing the havoc wreaked by eruptions on Martinique in 1902, Thomas Jaggar

(Ph.D. in Geology, Harvard, 1897) dedicated his life’s work to developing a better under-

standing of volcanoes. He was the first to install seismometers at the summit of Kı̄lauea in

1912, creating the first volcano observatory in the United States. As a testament to his life’s

work, the Hawaiian Volcano Observatory (HVO) has stood watch over Kı̄lauea for over a

century (Decker et al., 1987). Today, the HVO operates one of the world’s most extensive

volcano monitoring networks. It keeps measurements of ground deformation, shaking, and

volcanic gas chemistry along with many other quantities (Decker et al., 1987; Babb et al.,

2011).

1.1 The 2018 Kı̄lauea Eruption

In the first months of 2018, the Lower Puna district on the island of Hawai‘i was postcard-

perfect: lush-rainforests, blue-seas lapping against sandy beaches, and a sweet tropical

breeze. It was truly paradisal, but Madame Pele, the Hawaiian goddess of fire and vol-

canoes, had other ideas. Lower Puna is home to a flank of Kı̄lauea volcano known as the

East Rift Zone (Figure 1.1), and by mid-May 2018, it would be scarred by the opening of

dozens of new chasms, all spitting molten rock and debris hundreds of feet into the air. By

mid-July, a ten-story tall spatter cone had formed over what had once been the subdivision

of Leilani Estates (HVO , 2018a). This lava-spitting cone and the rivers of lava flowing from

it to the sea was a truly frightful and awe-inspiring sight to behold. By the time Madame
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Pele decided she had done enough and returned to quiescence in August, the eruption had

claimed 716 homes, and had added 875 acres of land to the island (HVO , 2018b), however,

there was luckily no loss of life.

Figure 1.1: A geologic map of the island of Hawai‘i showing past
lava flows in different colors. The rough location of Kı̄lauea’s East
Rift Zone is shown in the black oval. Also note the locations of:
Halema‘uma‘u crater at the summit (a); Pu‘u O‘o vent further down-
rift (b); and the area of active eruption on the Lower East Rift Zone
(c). Source: United States Geological Survey.

Even within a sin-

gle eruption, the pro-

gression of observed

events across the vol-

canic system hint at

the complex and deeply

interconnected systems

hidden beneath the

ground. The 2018

Kı̄lauea eruption in-

cluded activity at Hale-

ma‘uma‘u crater (at

the summit of the

volcano; Figure 1.1a),

the active Pu‘u O‘o

vent (about 18 km

downrift from the

summit; Figure 1.1b),

and the Lower East Rift Zone (about 30 kilometers downrift from the summit; Figure 1.1c).

On April 30th, Pu‘u O‘o crater experienced significant draining, and a sequence of small

earthquakes progressed to the east from Pu‘u O‘o crater towards the Lower East Rift Zone

between April 30th and May 2nd (HVO , 2018a; Neal et al., 2019). Past precedent suggested

that such an earthquake sequence can be attributed to magma moving through the ground
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and occupying new space, much like a subway train shaking the ground as it passes (Klein

et al., 1987; Rubin et al., 1998). By May 3rd, several fissures and chasms had opened in the

Lower East Rift Zone bringing lava to the surface (Figure 1.2c,d; HVO , 2018a). Following

the start of the eruption, a large magnitude 6.9 earthquake occurred on May 4th (Masse and

Needham, 1989; HVO , 2018a). This earthquake was located on the interface between the

oceanic crust and the island itself, and could have been triggered by the intrusion of magma

into the Lower East Rift Zone from Pu‘u O‘o (Chen et al., 2019; Kehoe et al., 2019; Neal

et al., 2019).

Figure 1.2: (a, b) Explosive events that occured as Halema‘uma‘u crater at the summit of
Kı̄lauea collapsed over the course of the eruption. (c) A river of lava flows down to the sea
from (d) active vents in the Lower East Rift Zone of Kı̄lauea. Photo Credit: HVO, United
States Geological Survey.

As the eruption evolved, Halema‘uma‘u at the summit became integrated into the actively

erupting system lower down the flank. Since 2008, a lava lake has been present on the floor

of Halema‘uma‘u (Patrick et al., 2013), but this lake began to drain beginning on May 6th,

indicating movement of the subsurface magma away from the summit. The draining of the
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lava lake was followed by significant explosive collapses of the wall of Halema‘uma‘u crater

(Figure 1.2a,b). The first of these occurred on May 15th, and created an ash cloud more

than 3000 meters in height (HVO , 2018a). These events occur when draining of lava exposes

the wall of the crater, removing support for the steep cliff face and creating a rockslide that

falls into the lava lake and results in an explosion and ash cloud (Neal et al., 2019). The

explosive collapse events represent an increase in the speed and magnitude of the draining

at the Halema‘uma‘u lava lake, a change that was matched by a substantial increase in

output from active vents in the Lower East Rift Zone (Patrick et al., 2019). These collapse

events continued until the end of the eruption in early August, at which point, 885 million

cubic meters of material had been lost from the summit (Figure 1.3; Neal et al., 2019). This

volume is consistent with the volume of lava that erupted from active vents on the Lower

East Rift Zone (Patrick et al., 2019).

The nature and timing of these events strongly suggest a connection between Pu‘u O‘o

and the Lower East Rift Zone at the beginning of the eruption, followed by a connection

of the Pu‘u O‘o - Lower East Rift Zone system to other parts of the volcano including

the Halema‘uma‘u system at the summit. However, a large piece of the story, one that

is potentially crucial to better understanding the behavior of volcanic systems, is missing.

Unlike the connection between Pu‘u O‘o and the Lower East Rift Zone that was accompanied

by migrating seismicity, there were no corresponding earthquakes taking place around the

time when the summit and Pu‘u O‘o were connected. How was a connection between these

two systems forged? Without being able to view the subsurface movements of magma, this

is a hard question to answer; however, addressing it could save both lives and infrastructure

from undetected magmatic intrusions that could result in unwarned-of-eruption. This thesis

seeks to answer this question through systematic analysis of ambient seismic noise data.
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Figure 1.3: A comparison of the shape and depth of Halema‘uma‘u crater at the summit of
Kı̄lauea (top left) before the 2018 activity and (top right) after the collapse events. (bottom)
An east-west cross-section comparison showing the degree to which the crater was enlarged.
Modified from HVO (2018b).
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Chapter 2

Data and Methods

Similar to how x-rays passing through the body can reveal the bones within, seismic

waves passing through the ground can reveal structure beneath our feet. Using seismograms,

locations and sizes of large bodies of magma or the volcanic conduits that feed them can be

inferred. In this thesis, I focus on a specific approach using continuously-recorded seismic

noise to investigate subsurface changes.

2.1 Imaging the Subsurface

The ground beneath us is built up of layers of different materials, one upon another.

When seismic energy encounters the boundary between two layers, there are two options.

The energy can be either refracted, passing through the boundary on a possibly different

trajectory, else it is reflected, bouncing back from whence it came to be recorded at the

surface (Figure 2.1; Shearer , 2009). For my purposes, I am concerned with the latter of these

two outcomes, reflection. The instances of these reflections can be obtained by correlating a

seismogram with itself to look for similar peaks separated in time (Figure 2.1b).

The time function with the reflection peak is generated by taking a time series (e.g.,

movement of the ground with time) and comparing it with itself at different time offsets

to find similar waveforms (Bracewell , 1986). Applied to seismology, it is used to identify

the return of a previously recorded seismic wave that has bounced off a reflecting boundary,

and is referred to as a reflectivity function (Figure 2.1b; Claerbout , 1985). By determining

how long it takes for the reflected energy to return, the depth of the reflecting boundary and
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subsurface wave speed may be inferred, and strength of reflection is determined by amplitude

of the peaks (Thompson and Cooper , 1972; Yokoi and Margaryan, 2008). This method has

been used for the imaging of various subsurface layers such as the boundary between the

crust and the mantle (e.g., Kennett et al., 2015). In volcano monitoring, it is often used

to detect the boundary between solid rock and magma, and to examine how this boundary

changes over time (e.g., McKee, 2012; De Plaen et al., 2016).

a b c

Ti
m
e

D
ep
th

Reflectivity

Figure 2.1: (a) A cartoon in depth cross section depicting
initial arrival of seismic energy (magenta arrow) at a sta-
tion (black triangle). (b) This energy is recorded as the
initial peak (magenta) in the reflectivity function whose y-
axis is time increasing down, and whose x-axis is correlation
coefficient. (c) The energy reflected from the surface (blue
arrow) reaches a boundary and is reflected (cyan arrow)
and refracted (red arrow). This reflected energy coming
back up is recorded at the station, and results in another
peak in the reflectivity function later in time (b).

In order for the reflectivity

function to exist, a source of

energy is needed to generate

the reflected waves. For exam-

ple, in oil exploration, anthro-

pogenic energy sources such as

controlled explosions are used

(Dobrin and Savit , 1960). How-

ever, such sources provide only

a snapshot of the subsurface in

the moments directly following

the energy release. For a dy-

namic environment such as an

erupting volcano, it is infeasible

to set off controlled blasts of-

ten enough to monitor the evo-

lution of the system. Conse-

quently, it is necessary to find

another source of seismic energy

for continuous imaging of vol-

canic systems.
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A source of energy for this type of study needs to occur almost all of the time in order to

allow detection of rapid changes. One natural source of seismic energy fitting this criterion

is ocean waves impacting the shoreline and being converted to seismic energy. This seismic

energy travels underground for hundreds of miles, and when recorded by seismometers, are

referred to as microseisms, a type of seismic noise. Noise is typically defined as anything not

related to earthquake signals, which are the focus of classical seismology. While it may seem

odd to use “noise”, the main benefit of using oceanic microseisms is that it is continuous and

occurs naturally 24 hours a day, seven days a week without human involvement (Stutzmann

et al., 2009; Ardhuin et al., 2011). These oceanic microseisms can be leveraged as the energy

source for calculation of reflectivity functions that allow for easy monitoring of changes in

the subsurface with a high temporal resolution (e.g., Draganov et al., 2009),and consequently

make Hawai‘i an ideal location for this type of study.

2.2 Computation of Autocorrelations

Consider a time series consisting of mostly seismic noise. Buried within this noise, there

are many energy packets with both an initial instance followed by one or more reflections.

Because cross correlation gives a measure of similarity between two time series, cross corre-

lating the time series with itself (autocorrelating) will identify these reflections. Let us refer

to the original time series and its copy as time series A(t) and B(t) (Figure 2.2). To auto-

correlate these, a discrete window Aj(t) is taken and compared against the corresponding

Bj(t).

The time series for each window must be normalized in order to mitigate the contamination

of the correlation function by earthquakes and other large-amplitude signals. Some studies

have used frequency filtering (e.g., Seats et al., 2012) or one-bit normalization (Shapiro et al.,

2005) to remove these effects, however, others have shown that simply using a maximum

amplitude normalization (or indeed, even none at all) can give reasonable and unbiased
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results (Gerstoft et al., 2006). In this study, each segment is normalized by the maximum

amplitude observed within the time windows. In order to remove any long-period trend,

time segments are also demeaned and detrended in a quadratic sense.

2050 2100 2150 2200 2250 2300 2350 2400 2450 2500 2550

-1.5

-1

-0.5

0

0.5

1

1.5

×104

2050 2100 2150 2200 2250 2300 2350 2400 2450 2500 2550

-1.5

-1

-0.5

0

0.5

1

1.5

×104

B(t)

A(t)

Window Length

Lag (τ)

Aj Aj+1

Bj

Figure 2.2: The sample time series A(t) and B(t) are shown with jth window Aj(t) and
corresponding Bj(t) having offset τ in red, and Aj+1(t) in yellow showing the next window.

Because Aj(t) and Bj(t) are exactly the same, the correlation coefficient, a measure of

similarity, should be one. This is calculated as the dot product of the two time series divided

by their L2 norms, that is:

cj =
Aj(t) ·Bj(t)

||Aj(t)|| ||Bj(t)||
.

If a time shift (τ) between the windows is introduced, similarity of the time series to itself as

a function of time can be obtained (Figure 2.2). For example, if a reflection returns back to

the station after five seconds, then the autocorrelation function of the time series will contain

a higher correlation coefficient at τ = 5 seconds. Each window Aj(t) can be correlated with

Bj(t + τ), a window offset at a range of different τ . The series of correlation coefficients as
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a function of τ is referred to as the autocorrelation function cj(τ) and is defined as:

cj(τ) =
Aj(t) ·Bj(t+ τ)

||Aj(t)|| ||Bj(t+ τ)||
.

The seismic noise autocorrelation function cj(τ) is analogous to the reflectivity function,

and shows reflected energy as peaks as a function of offset time τ ; the greater the reflected

energy, the more prominent the peak.

In this study, I divide the seismograms into 120-second windows, and autocorrelate with

itself at time offsets τ ranging from 0 to 30 seconds. Each time series will have as many

autocorrelation functions as there are windows in A(t). These autocorrelation functions cj(τ)

can be summed over j as c(τ) =
∑
j

cj(τ) to bring out the coherent signals (e.g., Seats et al.,

2012). For this project, the autocorrelation functions are stacked over 24 hours.

2.3 Data

The HVO seismic network consists of ninety-two stations with instruments having differ-

ent frequency responses and components (USGS , 1956). In this thesis, vertical-component

broadband recordings along the strike of the East Rift Zone of Kı̄lauea are examined. The

broadband nature is desired in order to capture changes across a wide range of frequencies,

and the vertical component is used so that in the future, autocorrelations can be compared

with other stations having only the vertical component. These criteria result in four stations

between the summit of Kı̄lauea and the eruptive zone, which, from west to east, are: UWE,

PAUD, STCD, and JOKA (Figure 2.3). The HHZ (high-gain, broadband, vertical) channel

from each station is downloaded from the Incorporated Research Institutions for Seismology

Data Management Center for the time period from January 2018 to the end of August 2018

(USGS , 1956).
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Once obtained, data are converted from a .seed format to .sac, and the SAC files are then

read into MATLAB as monthly time series with any gaps padded with zeros. Calculation

of the 24-hour noise autocorrelation functions for the four stations from January to August

2018 is performed using parallelized scripts written in MATLAB and run on 192 nodes at

the Harvard Odyssey computer cluster. Using this setup, computation of a single 24-hour

autocorrelation function takes about 30 minutes.

Figure 2.3: A map of the four stations from the HVO seismic network that are considered
in this study (yellow triangles) on the island of Hawai‘i (area shown as white rectangle in

inset map of Hawai‘i). The circles mark: A Halem‘uma‘u at the summit, B Pu‘u O‘o

vent midway down the flank, and the C Lower East Rift Zone where active fissures and
flows were located in the 2018 eruption. Imagery Credit: Google Earth, 2018.
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Chapter 3

Results

Before examining the autocorrelation functions of real data, it is helpful to consider syn-

thetic data where there are no reflectors or reflected energy. A twenty-four hour time series

of uniformly distributed random numbers sampled at 100 Hertz is generated using the MAT-

LAB function rand to mimic ambient white noise without reflected energy present (Figure

3.1a). This time series is then autocorrelated in the same way as the real data (Section 2.2),

and the resultant 720 autocorrelation functions are stacked (Figure 3.1c).

a

b

1-1

dc

c (τ)

τ(
se
co
nd
s)

c (τ)Time

A
m
pl
itu
de

A
m
pl
itu
de

Figure 3.1: Synthetically generated ambient seismic noise (a) is compared to real noise
from station PAUD (b) with time on the x-axis and normalized amplitude on the y-axis.
The autocorrelation function computed from the synthetic noise (c) is compared with one
computed from an equivalent amount of noise from PAUD (d) with lag τ on the y-axis, and
correlation coefficient c(τ) on the x-axis.

In the autocorrelation computed from the synthetic time series, the main peak with corre-

lation coefficient of one at zero lag is present due to perfect correlation when the random noise

is aligned with itself. However, due to the lack of similar waveforms at different times, there is
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Figure 3.2: The autocorrela-
tion functions at stations, UWE
(blue), PAUD (red), STCD (yel-
low), and JOKA (purple) for Jan-
uary (a), February (b), March (c),
and April (d) 2018. Lag τ (y-
axis) is plotted against autocor-
relation functions with x-spacing
corresponding to the distance of
the station from UWE.

no significant correlation at any other lag time (Figure

3.1c). When the synthetic and real data are compared in

the time domain, it can be observed that the real data

(Figure 3.1b) contains some dominant frequencies result-

ing in a more defined envelope, while the synthetic data

has a nearly flat one. However, there are no visibly re-

peated waveforms in the real noise.

When the real data from PAUD is autocorrelated,

along with the peak of perfect correlation at zero lag,

there are several significant peaks that follow; it appears

nearly monochromatic with a dominant period of about

5 seconds (Figure 3.1d). Henceforth, we refer to this

form as the “pre-eruptive” form of the autocorrelations.

This form is seen across all four stations (UWE, PAUD,

STCD, and JOKA) through the first four months of 2018

(Figure 3).

This similarity of autocorrelations functions across sta-

tions can be quantified by computation of correlation co-

efficients between UWE and PAUD, STCD, and JOKA

for each of the four months. For January, the coefficients

are 0.99 (UWE - PAUD), 0.99 (UWE - STCD), and 0.98

(UWE - JOKA); for February, they are 0.99, 0.98, and

0.97; for March, they are 0.99, 0.99, and 0.99; and for

April, they are 0.99, 0.99, and 0.99. These indicate prac-

tically identical autocorrelations, as a correlation coef-

ficient of 0.03 corresponds to 95% significance for 3000
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data points (the length of these autocorrelation functions). During the month of March

(Figure 3c), the autocorrelation functions at the four stations have a lower dominant fre-

quency than those seen in January, February, and April. While there is a change in dominant

frequency, note that it changes across all four stations, and is not localized to any one of

them.

3.1 Spatial and Temporal Variation of Autocorrela-

tions

During May 2018, significant change in the form of the autocorrelations took place. At

station PAUD, over a time period of about a week and a half, the autocorrelation functions

changed from the pre-eruptive style having multiple peaks (Figure 3.3a) to a form that

has increased high-frequency content (Figure 3.3b), and then to something resembling the

synthetic test, with one prominent peak at zero lag and little correlation at all other times

(Figure 3.3c). Because the correlation is low at non-zero times, the autocorrelation function

is referred to as “decorrelated”. After reaching the decorrelated form around the middle of

May, the autocorrelation functions return back to the pre-eruptive form over the next two

weeks (Figure 3.3c through e).

a b c d e

τ(
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nd
s)

c (τ) c (τ) c (τ) c (τ) c (τ)

Figure 3.3: The autocorrelation (x-axis) against the lag (τ) at the station PAUD on May
2nd (a), 7th (b), 10th (c), 17th (d), and 24th (e).
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Figure 3.4: The autocorrelations at all four stations,
UWE (blue), PAUD (red), STCD (yellow), and JOKA
(purple), on May 6th (a), May 10th (b), and May 12th
(c). Lag time τ is plotted on the y-axis and correlation
coefficient is plotted on the x-axis with distance down the
flank of the volcano from UWE determining the spacing
of the autocorrelation functions.

A similar temporal evolution

in the autocorrelations from pre-

eruptive form to decorrelated

form, and back to pre-eruptive

form is seen across all stations

(Figure 3.4). However, the tim-

ing of the change differs from

station to station. Decorrela-

tion is first observed at station

UWE on May 6th and it proceeds

one station after another down-

rift until reaching JOKA on May

12th. Note that the decorrelation

at JOKA is not as strong, and

hence, the autocorrelation is not

as flat.

The timing of the observed

decorrelation of the autocorrela-

tion function can be examined

and characterized more quantita-

tively through frequency analysis.

In particular, a shift in the au-

tocorrelations from pre-eruptive

form with a dominant period

of about 0.2 Hz (5 seconds) to

a decorrelated form with many
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smaller peaks corresponds to a shift from lower to higher frequency content (Figure 3.1).
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Figure 3.5: The power spectrum of the autocorrelation func-
tions representative of the 24-hour periods from midnight on
March 2nd (black), and on May 17th (red) at station PAUD.
The peak frequencies are indicated by the black and red ver-
tical bars for the May 2nd and 17th spectra, respectively.

The power spectra of the

autocorrelation function span-

ning each day are computed

by removing the linear trend

and applying a Hanning win-

dow to mitigate edge effects.

Once the spectra for a given

day is generated through

Fourier transform, the fre-

quency that has the maxi-

mum power is selected as a

proxy for the dominant fre-

quency content (Figure 3.1).

For the remainder of this the-

sis, this frequency of maximal power is referred to as the “peak frequency”. Comparison of

pre-eruptive and decorrelated autocorrelation functions demonstrate that the peak frequency

shifts to a higher value when the autocorrelation function is decorrelated (Figure 3.1)

The autocorrelations at the four stations have relatively constant peak frequencies lead-

ing up to May followed by a sharp increase to a plateau of higher peak frequencies (Figre

3.1). This plateau varies in the peak frequency value and duration, both of which de-

crease with stations farther downrift. This indicates that the onset of the decorrelation

moves downrift from UWE to STCD, and the change back to pre-eruptive form moves

uprift from STCD to UWE. Note that at JOKA, there is no discernible perturbation to

the peak frequency with time. This lack of signal is consistent with visual inspection
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Figure 3.6: The peak frequencies of autocorrelation func-
tions with respect to time and across stations UWE (a),
PAUD (b), STCD (c), and JOKA (d). A dark grey verti-
cal line is plotted at the beginning and end of the change
in the peak frequencies for each station, and the light grey
background indicates the eruptive period.

(Figure 3.4), and it can be in-

ferred that the decorrelation at

JOKA was not as strong as at

the other stations and still had

some prominent peaks from the

pre-eruptive form.

The examination of the noise

autocorrelation functions both

visually and by frequency anal-

ysis provides three main ob-

servations. First, the onset

of the decorrelation starts at

UWE and comes later farther

downrift. Based upon the

onset time of this decorrela-

tion, and distance between sta-

tions, this signal propagates at

a speed of approximately 5 km

per day. Second, the stations

farther downrift return back

to pre-eruptive autocorrelation

form before those uprift. Third,

the degree of the decorrelation

is smaller at JOKA suggesting

that the cause of decorrelation

does not reach JOKA. All in all,
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this tells the story of a decorrelation traveling down the flank of the volcano and then back

up over the timescale of about a month.

20



Chapter 4

Discussion

Analysis of autocorrelation functions from the 2018 eruption reveals a decorrelation propa-

gating along the flank of Kı̄lauea from one station to another during May. The decorrelation

could be attributed to two different physical mechanisms; change in the local seismic noise

due to an increase of volcanic tremor or microearthquakes, or scattering of seismic energy

due to opening of fractures.

Microearthquakes are earthquakes which are too small to be detected as individual earth-

quakes (Asada, 1957). Due to their small size, they last for a shorter time duration, and

as a result, they have a whiter power spectrum than larger and longer lasting earthquakes

(Aki , 1972) or ocean-generated seismic noise (Ardhuin et al., 2011). If there are many

microearthquakes occuring in one area, their signal can locally dominate over the oceanic

seismic noise, effectively replacing it as the main noise source. The raw time series, there-

fore, obtains the whiter frequency which carries over into the autocorrelations, producing

decorrelation. The microearthquake signals are attenuated rapidly with distance, hence for

stations at some distance, the autocorrelation functions retain their standard appearance

and red spectrum. Volcanic tremor is another local signal – in this case, thought to be

caused by magma movement and resonance of conduits (Koyanagi et al., 1987) – that can

have a dominating white power spectrum (Ballmer et al., 2013), and could have a similar

effect on the autocorrelations as that of microearthquakes.

The decorrelation can also be generated by the scattering of seismic waves (Figure 4.1).

In this case, the scatterers in the subsurface reflect the seismic energy in all directions,
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resulting in autocorrelation functions with smaller peaks occurring at all time offsets. This

is analogous to how light scattered by fog obscures objects you would otherwise be able to

see. On a clear night with no fog, you can see an object such as a car some distance away

using a flashlight. This is a result of light bouncing off of the car and then traveling to your

eyes with relatively little loss in energy. However, in foggy conditions, the light from the

flashlight interacts with water droplets and is reflected in all directions. The weak reflections

that return to your eye are perceived as “blurry” fog. While some of the light may travel to

the car and bounce off of it, by the time it reaches your eyes, it will be so weak that the car

can barely be seen, if at all.

Figure 4.1: (a) A cartoon depiction of a situation where seismic energy is reflecting back to a
station (left) allowing for imaging of a subsurface reflector using the autocorrelation function
(right), and (b) a decorrelation situation where an intrusion of magma (red segments) scatters
the seismic energy (left) such that energy is reflected back to the station nearly continuously
at lower amplitudes, and the reflector is not clearly visible (right). The autocorrelation
functions show the initial instance of energy (purple; Figure 2.1) and the reflected energies
(peaks with various shades of blue).
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In this study, a clear condition corresponds to subsurface without fractures (Figure 4.1a)

and a foggy condition corresponds to subsurface with scatterers (Figure 4.1b). The light

takes the form of seismic energy, the car in the fog becomes the reflective layers, the water

droplets that make up the fog take the form of fractures or a network of many small fractures,

and your ability to see the object is the prominence of the peaks in the autocorrelations.

Note that just as the object in the fog is unseen but nevertheless still there, the reflective

layers may still exist, but their associated peaks in the autocorrelation function are obscured

by the scattering, resulting in a decorrelated autocorrelation.

4.1 Synthesis

The two proposed physical mechanisms explaining the observed decorrelation of the au-

tocorrelation functions must be put into the context of the 2018 Kı̄lauea eruption. This

eruption began with the collapse of Pu‘u O‘o crater (Figure 4.2b), and a migration of seis-

micity into the Lower East Rift Zone (Figure 4.2c) was followed by active vents opening up on

May 2nd (HVO , 2018a). On May 4th, a magnitude 6.9 earthquake on the interface between

the ocean floor and the island occurred (Liu et al., 2018), and the lava lake in Halema‘uma‘u

crater (Figure 4.2a) began to rapidly drain after the earthquake. Moreover, an increase in

lava flux on the Lower East Rift Zone is observed following the draining, suggesting a con-

nection between the vents and the summit (Neal et al., 2019; Patrick et al., 2019). These

observations indicate a change in the subsurface magma transport system from one encom-

passing Pu‘u O‘o and the Lower East Rift Zone, to one encompassing Halema‘uma‘u, Pu‘u

O‘o, and the Lower East Rift Zone (Figure 4.2).

The timing of the decorrelation observed in the autocorrelation functions agrees with the

timing of this change in the magma transport system. Following the May 4th earthquake,

UWE decorrelates as the lava lake in Halema‘uma‘u crater drains. The drainage continues

as the decorrelation moves downrift to PAUD and STCD over the next week. By the time
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the decorrelation reaches JOKA, collapse events at Halema‘uma‘u had begun, indicating a

greater outflux of material from the summit into the East Rift Zone. This sequence of events

suggests that the progression of the decorrelation is related to a magmatic intrusion from

Halema‘uma‘u to Pu‘u O‘o leading to a fully connected system between Halema‘uma‘u and

the vents in the Lower East Rift Zone.

c

a b

Material from
Hot Spot

Figure 4.2: A cutaway diagram depicting a simplified model of Kı̄lauea and its subsurface
plumbing system. Note the location of: Halema‘uma‘u crater at the summit (a); Pu‘u O‘o
vent further downrift (b); and the area of active eruption on the Lower East Rift Zone (c).
Modified from Poland et al. (2014).

Both proposed mechanisms for decorrelation, change in dominating noise source (via mi-

croearthquakes or volcanic tremor) and scattering, can also be linked with an intrusion of

magma. As an intrusion pushes magma through the subsurface, the host rock fractures

to release seismic energy. Usually, these fracturing-related events are seen as earthquakes

migrating with the intrusion. However, if the seismic energy releases are small, they would

not be detected as an earthquake, i.e., they take the form of microearthquakes or volcanic

tremor. This could be the case if, rather than rupturing through intact rock, the intrusion

enters an area already fractured by a previous intrusion or eruption (Lockwood et al., 1999;

Poland et al., 2014). The magma would only need to re-open existing fractures, thus re-

leasing less seismic energy than fracturing solid rock would, producing fewer and smaller

earthquakes. If these microearthquakes or volcanic tremor signals were too small to be de-

tected, the intrusion would effectively be “silent”. Note that this does not imply a lack of
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activity, but specifically the lack of earthquakes detected using conventional techniques.

The magma-filled cracks also act as scatterers, and cause the autocorrelation functions to

decorrelate (Figure 4.1; e.g., Obermann et al., 2015). Based on these arguments, the decor-

relation signal can be associated with an intrusion of magma, and the spatial progression of

the decorrelation signal over time can be related to the propagation of the intrusion between

Halema‘uma‘u and Pu‘u O‘o. Using the station locations and timing of observed decorrela-

tion, this “silent” magma intrusion occurred with a speed of approximately 5 kilometers per

day.

4.1.1 Magma Transport Model for the 2018 Kı̄lauea Eruption

Based upon the results of this study and ground observations from the eruption, I propose

a model for the evolution of the subsurface magma transport system (Figure 4.3; Lee et al.,

2018a). The model divides the development into two stages. The first stage leads up to the

May 4th magnitude 6.9 earthquake and involves the area spanning Pu‘u O‘o to the Lower

East Rift Zone. The second stage takes place after the May 4th magnitude 6.9 event and

incorporates the Halema‘uma‘u summit system into the Pu‘u O‘o and Lower East Rift Zone

system.

The model starts with a pre-eruptive confirguration of Kı̄lauea (Figure 4.3a). The Pu‘u

O‘o vent is active (continuous since 1983, Poland et al., 2014), and a lava lake connected

to a deep magma reservoir exists at Halema‘uma‘u (active since 2008, Figure 4.2; Patrick

et al., 2013). The second step brings an interruption to this state when Pu‘u O‘o collapses,

and an intrusion occurs into the area between Pu‘u O‘o and the Lower East Rift Zone. The

intrusion is accompanied by migration of seismicity between April 30th and May 1st (Figure

4.3b). The third step begins when magma reaches the Lower East Rift Zone, new vents open

up, and eruption of lava onto the surface starts. This marks a connected and active Pu‘u
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O‘o and Lower East Rift Zone system (Figure 4.3c).

Timeline for the Early Eruption from
Ground Observations, Decorrelation
Behavior, and the proposed Model
Stage 1
All auto-correlations have normal form
Steady State: Summit and Pu‘u O‘o fed by
shallow source, remnant 1960 material under
East Rift Zone
Stage 2
All have normal form
April 30: Seismicity migration from Pu‘u O‘o
into the East Rift Zone begins
May 3: Pu‘u O‘o crater begins collapsing
Stage 3
May 4: M6.9 earthquake occurs and summit
seismicity increases
May 5: Summit lava lake level begins
dropping considerably
Summit begins decorrelating (May 5)
May 9: First collapse into crater occurs and
ash plume is generated
Pu‘u O‘o and East Rift Zone are
decorrelated (May 11-13)
May 15: More frequent and regular
explosions at summit begin
Stage 4
All but summit have returned to normal
form (May 20)
May 29: Fissure 8 develops into main active
vent
Summit returns to normal (May 30)

Intrusion with tremor
and microearthquakes

a b

d

fe

c

Stations

Stage 1a: Pre-erup�ve subsurface system with
vent at Pu‘u O‘o and summit lava lake.

Stage 1b: Pu`u O`o collapses and seismicity
migrates into the ERZ with an intrusion.

Stage 2c: Conduit connects summit to Pu`u O`o
and ERZ, and autocorrela�ons return to pre-
erup�ve form.

Stage 2a:M6.9 flank earthquake triggered by
first intrusion occurs.

Stage 2b: Halema`uma`u drains and second
intrusion causes decorrela�on to propagate
downri�.

Stage 1c: Ac�ve vents open up in the ERZ, and
lava erupts.

Figure 4.3: A two-stage eruption model where the steps for each stage are presented as car-
toon depth cross sections. The color of the stations indicate how similar the autocorrelation
functions are with the pre-eruptive form, with light colors indicating a greater degree of
decorrelation.

The second stage begins with a magnitude 6.9 flank earthquake occuring on the interface

between the oceanic crust and the island itself (Figure 4.3d). This earthquake was likely

triggered by the rift-opening motion of the first intrusion between Pu‘u O‘o and the Lower

East Rift Zone (Chen et al., 2019; Neal et al., 2019). The shaking from the earthquake then

triggers an intrusion of deep-seated magma beneath Halema‘uma‘u at the summit into the

26



previously fractured region to the east (Figure 4.3e). Due to the fractured nature of the

rock in the area, only microearthquakes and/or volcanic tremor occur and magma intrusion

into fractures begins to scatter seismic energy. This scattering and microseismicity cause the

autocorrelations to decorrelate, with timing of the decorrelation tracking the magma front.

Finally, the intrusion reaches the Pu‘u O‘o and Lower East Rift Zone system established in

the first stage, resulting in increased lava output in the Lower East Rift Zone and increased

rate of collapse at the summit. This creates a fully connected Halema‘uma‘u, Pu‘u O‘o, and

Lower East Rift Zone system (Figure 4.3f).

With full connection across the flank, material would be transported relatively smoothly

in the established conduit, and there would be less magma pushing into the surrounding

rocks. Magma will stop re-opening and filling cracks, and those already open will either

drain and close or solidify. Consequently, without the numerous magma-filled cracks, the

scattering stops, and the autocorrelations return to the pre-eruptive form. The timing of

this return to pre-eruptive form retreating back up the flank makes it more likely that the

decorrelation is due to scattering, as microearthquakes or volcanic tremor would likely cease

across the flank as soon as the conduit is established.

4.1.2 Seismicity Associated with the 2018 Kı̄lauea Eruption

Normally, the earthquakes generated from an intrusion of magma form the basis for pre-

dicting an impending eruption (e.g., Wolfe et al., 1987; Battaglia et al., 2005). When the

earthquakes from the 2018 eruption are examined with regard to both space and time (Figure

4.4), an associated migration of earthquakes spanning Pu‘u O‘o to the East Rift Zone can

be seen between April 30th, and May 2nd. This intrusion was seen as a possible precursor

to eruptive activity, which was confirmed by the opening of active vents in the Lower East

Rift Zone on May 2nd (Masse and Needham, 1989; HVO , 2018a).
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Figure 4.4: Seismicity distribution for the flank of Kı̄lauea between April 26th and May 20th
(y-axis) as a function of distance downrift from UWE (x-axis). Events shallower than 5 km
are spatially binned in 0.5 km distances along the line from UWE to JOKA, and temporally
binned in 6-hr windows. The color shows the logarithm of the event number with increasing
amounts of yellow indicating more events. The earthquake hypocentral information was
obtained from the USGS National Earthquake Information Center (Masse and Needham,
1989).

The M6.9 earthquake and its aftershocks can also be observed as a streak of earthquakes

on May 4th and 5th spanning the flank; and this event also marks the start of increased

seismicity at the summit (0-5 km distance from Halema‘uma‘u). However, there is no further

increase or migration of earthquakes from the summit to Pu‘u O‘o from May 6th to May

12th as would be expected with an intrusion (Figure 4.4; USGS , 1956; Masse and Needham,

1989). This second intrusion from the summit to Pu‘u O‘o was only acknowledged after the

fact by the increased lava output and collapsing of the summit crater (e.g., Neal et al., 2019;

Patrick et al., 2019). The earthquake-based methods used to detect movement of magma
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in real time missed this major change to the magma transport system. This inability to

detect such an event in near real time has significant implication to volcano monitoring and

management of volcano hazard; missing such a movement of magma could pave the way for

an unexpected eruption.

4.2 Future Work

The proposed model is built from the observations of seismic noise decorrelation, and

events associated with the eruption (HVO , 2018a). There are several other data sources

that can be used to test this model. Geodetic deformation data could investigate the two-

staged nature of the intrusions by examining timing of uplift associated with subsurface

magma movement (e.g., Davis , 1986). Lava compositions could also be analyzed for changes

from material having a Pu‘u O‘o chemical signature during the first stage to that with a

Halema‘uma‘u signature in the second stage (e.g., Herzberg , 2010). In addition, the presence

of microearthquakes can be examined using methods designed for detection of small events

(e.g., Song et al., 2010) during the time of the decorrelation and inferred intrusion. These

investigations should also be complemented by modeling of fracture style and density of

the region (e.g., Hazzard et al., 2002), and determination of the necessary contitions for

generation of microearthquakes that would evade detection by current monitoring systems

in place at HVO.

Another possibility is to examine past eruptions at Kı̄lauea and other volcanoes which

were not preceded by increased seismicity. These eruptions may have had silent intrusions

like the one proposed in this study, and could now be examined for this phenomenon through

analysis of autocorrelation functions. This type of inquiry would allow for consideration of

eruptions dating back to nearly a century ago via digitization of legacy data in the form of

paper seismograms (Lee and Ishii , 2017, 2018). Use of legacy data is especially well-suited

to this project because autocorrelations are self-contained within a single record, and require
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only relative time information rather than accurate absolute time (Lee and Ishii , 2017; Lee

et al., 2018b), something lacking in much of the existing legacy data collections.
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Chapter 5

Conclusion

The 2018 eruption of Kı̄lauea is one of only a few eruptions observed in modern history

that consists of a flank eruption and a summit collapse in conjunction (Neal et al., 2019).

This involvement of systems spanning nearly the entire flank of the volcano makes it of spe-

cial interest to volcanology, and in particular, our understanding of volcano dynamics.

The examination of seismic noise autocorrelation functions from the Kı̄lauea eruption

reveals a significant change over about a week that preceded an abrupt increase in the lava

output. More importantly, the decorrelation happens at one station after another in a pro-

gression down the rift of Kı̄lauea from the summit to the active vents in the Lower East Rift

Zone. From comparison to ground observations, the progression of the decorrelation downrift

is modeled as being due to a magmatic intrusion from the summit moving at about 5 km/day.

This magmatic intrusion had no associated earthquake activity, and was not detected in

real time. The lack of seismicity is explained by the movement of the intrusion into an area

that had been previously fractured, resulting in release of seismic energy below earthquake-

detection threshold. Without associated seismicity, the intrusion happens “silently,” but

nonetheless leads to a significant change in the eruptive behavior. While further work is

required to better understand this phenomenon, by introducing a novel form of magma in-

trusion, the model proposed here provides insights into the dynamic relationship of volcanic

eruption processes and how we detect them.
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Furthermore, the results of this study have wide-reaching implications for volcanic hazard,

even outside the scope of the 2018 Kı̄lauea eruption. The detection of magmatic movement,

especially that preceding eruption, is necessary for the effective management of volcano

hazard and issuance of warnings to the public. For example, during the 1995 eruption of the

Soufrière Hills Volcano on the island of Montserrat, clear signs of escalation of seismicity,

including swarms of earthquakes, led to the city of Plymouth being successfully evacuated

before it was almost completely covered by pyroclastic flows, saving many lives (Robertson

et al., 2000). Around the world, millions of people live in the shadow of volcanoes, including

Kı̄lauea in Hawai‘i, Mount St. Helens in the Pacific Northwest, or Campi Flegrei in Naples,

just to name a few (Small and Naumann, 2001).

This study shows that the typical earthquake-based methods used for inferring magma

intrusions may be insufficient to identify an intrusion that results in new eruption or a

significant increase in lava outflow (HVO , 2018a). That a substantial subsurface change could

go unnoticed creates concerns for the realms of volcano monitoring and hazard mitigation.

If the type of silent intrusion observed in this study were to occur, a major eruption could

quietly materialize with potentially catastrophic results.

The technique utilized in this thesis provides a methodology with which to identify a silent

magmatic intrusion. Generating autocorrelation functions comes at low computational cost,

and can be done in near real time with as few as one station. Therefore, incorporating

such a technique requires little addition to existing monitoring infrastructure, and could

help keep populations living on and near volcanoes farther from harm’s way. One might

argue that this continued growth of the array of tools and body of scientific work are the

greatest testament to Thomas Jaggar and his founding of the Hawaiian Volcano Observatory.

However, I am compelled to argue that his true legacy lies not with the science itself, but

rather with the millions of people whose lives are safer as a result. A silent intrusion that

leads to unwarned-of-eruption is most certainly “subterranean machinery totally unknown,”

32



and it is easy for me to agree with Dr. Jaggar’s sentiment that this subterranean machinery

is truly worthy of a life’s work. Continued study of this phenomenon and refinement of the

model presented here would help paint a clearer picture of the eruptive processes for the

2018 Kı̄lauea eruption and other events in the past and future.
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ical Journal International, 161 (2), 549–558.

Bracewell, R. N. (1986), The Fourier transform and its applications, vol. 31999, McGraw-

Hill, New York.

Chen, K., J. D. Smith, J.-P. Avouac, Z. Liu, Y. T. Song, and A. Gualandi (2019), Triggering

of the Mw 7.2 Hawaii earthquake of May 4, 2018 by a dike intrusion, Geophysical Research

Letters, doi:10.1029/2018GL081428.

Claerbout, J. F. (1985), Imaging the earth’s interior, vol. 1, Blackwell Scientific Publications,

Oxford.

Davis, P. M. (1986), Surface deformation due to inflation of an arbitrarily oriented triax-

ial ellipsoidal cavity in an elastic half-space, with reference to Kilauea volcano, Hawaii,

Journal of Geophysical Research: Solid Earth, 91 (B7), 7429–7438.

34



De Plaen, R. S., T. Lecocq, C. Caudron, V. Ferrazzini, and O. Francis (2016), Single-station

monitoring of volcanoes using seismic ambient noise, Geophysical Research Letters, 43 (16),

8511–8518.

Decker, R. W., T. L. Wright, and P. H. Stauffer (1987), Volcanism in Hawaii: U.S. Geological

Survey Professional Paper 1350, U.S. Department of the Interior, U.S. Geological Survey.

Dobrin, M. B., and C. H. Savit (1960), Introduction to geophysical prospecting, vol. 4,

McGraw-Hill, New York.

Draganov, D., X. Campman, J. Thorbecke, A. Verdel, and K. Wapenaar (2009), Reflection

images from ambient seismic noise, Geophysics, 74 (5), A63–A67.

Gerstoft, P., K. G. Sabra, P. Roux, W. Kuperman, and M. C. Fehler (2006), Green’s func-

tions extraction and surface-wave tomography from microseisms in southern California,

Geophysics, 71 (4), SI23–SI31.

Hazzard, J. F., R. P. Young, and S. J. Oates (2002), Numerical modeling of seismicity

induced by fluid injection in a fractured reservoir, in Mining and Tunnel Innovation and

Opportunity, Proceedings of the 5th North American Rock Mechanics Symposium, Toronto,

Canada, 2002 Jul 7, pp. 1023–1030.

Herzberg, C. (2010), Identification of source lithology in the Hawaiian and Canary islands:

Implications for origins, Journal of Petrology, 52 (1), 113–146.

HVO (2018a), Kilauea Volcano 2018 Summit and Lower East Rift Zone (LERZ) Brief

Overview of Events April 17 to October 5, 2018, Department of the Interior, US Geo-

logical Survey.

HVO (2018b), Preliminary summary of Kilauea Volcano’s 2018 lower East Rift Zone erup-

tion and summit collapse, US Department of the Interior, US Geological Survey.

Kehoe, H., E. Kiser, and P. Okubo (2019), The rupture process of the 2018 Mw 6.9 Hawai’i

earthquake as imaged by a genetic algorithm-based back-projection technique, Geophysical

Research Letters.

Kennett, B., E. Saygin, and M. Salmon (2015), Stacking autocorrelograms to map Moho

depth with high spatial resolution in southeastern Australia, Geophysical Research Letters,

42 (18), 7490–7497.

Klein, F. W., R. Y. Koyanagi, J. S. Nakata, and W. R. Tanigawa (1987), The seismicity of

Kilauea’s magma system, US Geol. Surv. Prof. Pap, 1350 (2), 1019–1185.

35



Koyanagi, R. Y., B. Chouet, and K. Aki (1987), Origin of volcanic tremor in Hawaii, US

Geological Survey Professional Paper, 1350 (2), 1221–1257.

Lee, T. A., and M. Ishii (2017), Teleseism-based relative time corrections for modern analyses

of digitized analog seismograms, abstract S21C-0769, in AGU Fall Meeting Abstracts,

presented at the 2017 Annual Meeting of the American Geophysical Union, New Orleans,

LA, December 11-15.

Lee, T. A., and M. Ishii (2018), DigitSeis: Opportunities for digitization of analog seismo-

grams through educators and citizen science, abstract ED51C-0683, in AGU Fall Meeting

Abstracts, presented at the 2018 Annual Meeting of the American Geophysical Union,

Washington, D.C., December 10-14.

Lee, T. A., M. Ishii, and P. G. Okubo (2018a), Changes on the east rift zone of Kı̄lauea with

the 2018 volcanic activity interpreted from changes in auto-correlation functions, abstract

V43J-0300, in AGU Fall Meeting Abstracts, presented at the 2018 Annual Meeting of the

American Geophysical Union, Washington, D.C., December 10-14.

Lee, T. A., M. Ishii, and P. G. Okubo (2018b), Consistent inconsistencies: A new method for

assessing time corrections needed for analog seismograms, poster M1, presented at IRIS

2018 Workshop, Albuquerque, NM, June 12-14.

Liu, C., T. Lay, and X. Xiong (2018), Rupture in the 4 May 2018 Mw 6.9 earthquake

seaward of the Kilauea east rift zone fissure eruption in Hawaii, Geophysical Research

Letters, 45 (18), 9508–9515.

Lockwood, J. P., R. I. Tilling, R. T. Holcomb, F. Klein, A. T. Okamura, and D. W. Peter-

son (1999), Magma migration and resupply during the 1974 summit eruptions of Kilauea

Volcano, Hawaii, US Government Printing Office Washington, DC.

Masse, R., and R. Needham (1989), NEIC - the National Earthquake Information Center,

Earthquakes & Volcanoes (USGS), 21 (1), 4–44.

McKee, K. F. (2012), Using auto-and cross-correlations from seismic noise to monitor velocity

changes at Villarrica volcano, Chile. Master’s Thesis, Michigan Technological University.

McNutt, S. R. (2005), Volcanic seismology, Annu. Rev. Earth Planet. Sci., 32, 461–491.

Neal, C., S. Brantley, L. Antolik, J. Babb, M. Burgess, K. Calles, M. Cappos, J. Chang,

S. Conway, L. Desmither, P. Dotray, T. Elias, P. Fukunaga, S. Fuke, I. Johanson,

K. Kamibayashi, J. Kauahikaua, R. Lee, S. Pekalib, A. Miklius, W. Million, C. Moniz,

36



P. Nadeau, P. Okubo, C. Parcheta, M. Patrick, B. Shiro, D. Swanson, W. Tollett, F. Trus-

dell, E. Younger, M. Zoeller, E. Montgomery-Brown, K. Anderson, M. Poland, J. Ball,

J. Bard, M. Coombs, H. Diettrich, C. Kern, W. Thelen, P. Cervelli, T. Orr, B. Houghton,

C. Gansecki, R. Hazlett, P. Lundgren, A. Diefenbach, A. Lerner, G. Waite, P. Kelly,

L. Clor, C. Werner, K. Mulliken, G. Fisher, and D. Damby (2019), The 2018 rift eruption

and summit collapse of Kı̄lauea volcano, Science, 363 (6425), 367–374.

Obermann, A., T. Kraft, E. Larose, and S. Wiemer (2015), Potential of ambient seismic noise

techniques to monitor the St. Gallen geothermal site (Switzerland), Journal of Geophysical

Research: Solid Earth, 120 (6), 4301–4316.

Patrick, M. R., T. Orr, A. J. Sutton, E. Tamar, and D. Swanson (2013), The First Five Years

of Kı̄lauea’s Summit Eruption in Halema‘uma‘u Crater, 2008-2013, US Department of the

Interior, US Geological Survey.

Patrick, M., T. Orr, K. Anderson, and D. Swanson (2019), Eruptions in sync: Improved con-

straints on Kı̄lauea volcano’s hydraulic connection, Earth and Planetary Science Letters,

507, 50–61.

Poland, M. P., T. J. Takahashi, and C. M. Landowski (2014), Characteristics of Hawaiian

volcanoes, U.S. Department of the Interior, U.S. Geological Survey.

Robertson, R., W. Aspinall, R. Herd, G. Norton, R. Sparks, and S. Young (2000), The

1995–1998 eruption of the Soufrière Hills volcano, Montserrat, WI, Philosophical Transac-

tions of the Royal Society of London A: Mathematical, Physical and Engineering Sciences,

358 (1770), 1619–1637.

Rubin, A. M., D. Gillard, and J.-L. Got (1998), A reinterpretation of seismicity associated

with the January 1983 dike intrusion at Kilauea volcano, Hawaii, Journal of Geophysical

Research: Solid Earth, 103 (B5), 10,003–10,015.

Seats, K. J., J. F. Lawrence, and G. A. Prieto (2012), Improved ambient noise correlation

functions using Welch’s method, Geophysical Journal International, 188 (2), 513–523.

Shapiro, N. M., M. Campillo, L. Stehly, and M. H. Ritzwoller (2005), High-resolution surface-

wave tomography from ambient seismic noise, Science, 307 (5715), 1615–1618.

Shearer, P. M. (2009), Introduction to seismology, 2nd ed., Cambridge University Press,

Cambridge.

37



Small, C., and T. Naumann (2001), The global distribution of human population and recent

volcanism, Global Environmental Change Part B: Environmental Hazards, 3 (3), 93–109.
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