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ABSTRACT

Antarctic ice shelves buttress glaciers on land and restrain ice from sliding into the ocean. Due
to climate change, the ocean and atmosphere surrounding these ice shelves have warmed and as a
consequence they are less stable and more susceptible to ocean forcing. Seismic stations positioned on
the Ross Ice Shelf (RIS) have recorded the motion of the ice shelf caused by the ocean forcing events,
such as flexural-gravity and lamb waves. These waves can trigger calving events and ice shelf collapse.
Detecting these ocean wave events is important to understanding ice shelf stability, however only a
few events have been documented in the literature. In this REU project, I have developed a software
package which can automatically detect ocean wave events in seismic data collected on the RIS in
Antarctica. I have applied a Gaussian Mixture Model (GMM) which clusters seismic spectrograms to
detect high-power ocean wave events. I also use OpenCV’s fitE1llipse function to identify dispersive
wave signals in the clustered spectrograms. This software package can be applied to future seismic
data to create a labelled dataset for training a Convolutional Neural Network (CNN) to classify ocean

wave events impacting the RIS.
1. INTRODUCTION

Antarctic ice shelves play an important role in but-
tressing glaciers and preserving the stability of the en-
tire Antarctic ice sheet. Volume loss of ice shelves re-
duces buttressing, which raises concerns of glacier dis-
charge into the ocean and a subsequent rise in sea level
(Bromirski et al. 2015; Chen et al. 2018). Ice shelves
are vulnerable to the warming sea and atmosphere as
they extend from the land mass over the ocean, as
shown in Figure 1. Ocean gravity waves and storms in-
fluence the ice shelf by providing stress perturbations
and inducing flexural gravity and lamb waves within
the shelves (Bromirski et al. 2010; Bromirski & Stephen
2012; Bromirski et al. 2017). The effect of ocean forc-
ing events on the ice shelves can lead to calving events
in icebergs as well as trigger ice shelf collapse events
which lead to a subsequent rise in the global sea level
(Macayeal et al. 2009). Due to the vulnerability of ice
shelves with respect to ocean forcing, the detection of
ocean wave events is pertinent to our understanding of
ice shelf stability.

The three ocean wave events which induce the highest
response in the Ross Ice Shelf (RIS) can be differenti-
ated by the frequencies at which they propagate. Swell
waves are generated by storm systems through the cou-
pling of wind energy and ocean swell and propagate be-
tween 0.03 — 0.1 Hz. Infragravity (IG) waves are gen-
erated by the superposition of ocean gravity waves im-
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Figure 1. Cross-section view along the 180° meridian of the
Ross Ice Shelf. Triangles represent seismic stations already
positioned upon the RIS, with red representing the center
sub-array of stations centered around station DR10. DR02
is off the ice front because the shelf has migrated Northward
but the ice thickness model has not been updated (Modified
after Chen et al. (2018))

pacting nonlinear coastlines and propagate at frequen-
cies between 0.003 — 0.02 Hz. Finally, VLP waves are
induced by storm-systems such as tsunamis and propa-
gate at frequencies less than 0.003 Hz (Bromirski et al.
2017). These ocean wave events are visually detected
by researchers analyzing seismic data. However, to gain
a deeper understanding of the number of ocean wave
events impacting the RIS, it is necessary to detect a
larger number of events than can be done by hand.
These ocean wave events are often difficult to detect as
some of those such as the infragravity and VLP waves
propagate at noisy frequencies. Additionally, ice-quakes
and other non-events induce high amplitude responses
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in the ice shelves so simply thresholding seismic data is
not enough to detect signals amidst the noise.

Machine Learning and Artificial Intelligence is a bur-
geoning field and it’s applications to geophysics are vast,
including applications for automatic detection and clas-
sification of seismic events (Yu & Ma 2020). Seismic
stations positioned on the RIS have been collecting data
since before 2000. Therefore, it is possible that the sta-
tions already recorded a number of ocean forcing events
that can be utlilized to train a machine learning algo-
rithm. However, this data is completely unlabelled as
only a handful of ocean wave events impacting the RIS
have been identified previous studies by Bromirski et al.
(2010); Bromirski & Stephen (2012); Bromirski et al.
(2015); Macayeal et al. (2009) and others. Thus to train
and test a machine learning algorithm to automatically
detect and classify ocean wave events, it is first necessary
to prepare a processed and labelled dataset of events.

The Seismo-Geodetic Ice Penetrator (SGIP) instru-
ment will monitor the response of the Ross Ice Shelf
to ocean forcing. The SGIP, which is expected to be
air-dropped into the RIS in 2022-2023, will send large
amounts of seismic data to Haystack Observatory to be
processed and analyzed. My research project this sum-
mer has been to develop a software package that can
take in the seismic data collected by the SGIP and pre-
pare it for a future machine learning algorithm that will
automatically detect and classify ocean wave events in
the data. Automatically detecting ocean wave events as
they impact the RIS is important to understanding their
stability and preventing a rise in the global sea level.

2. METHODOLOGY

Seismic stations positioned on the RIS (see Figure 1)
have recorded seismic data which is available to the pub-
lic through IRIS webservices!.

In this research project, I analyzed existing seismic
data from station DR10 positioned on the RIS. The
data was downloaded using Obspy seismic data analysis
package. The same package was used to remove the in-
strument response from the data and generate displace-
ment timeseries. I have only used vertical component of
the displacement from DR10 sampled at 1.0 Hz (chan-
nel LHZ). T analyze 100 days worth of data, beginning
on November 21st of 2014 and ending on March 1st,
2015. This 100-day dataset is broken into 87 scrolling
10 day intervals (i.e. set; = 11.21.2014 — 12.01.2014,
sety = 11.22.2014 — 12.02.2014, etc.). Each inter-

val is converted into the frequency domain using the

L https://service.iris.edu/

Matplotlib.pyplot.specgram? function which applies
1024 fast Fourier-transforms (FFTs) on time-series data
to convert it into a power spectral density spectrogram
in the dB scale. An example spectrogram is shown in
Figure 2.

The raw spectrogram shown in Figure 2 is then nor-
malized by subtracting the median power spectrum over
the entire 10-day period. This removes much of the
bright yellow noise located in the bottom of Figure 2
and makes the swell event propagating at ~ 0.04 Hz
between December 13th to December 16th. This nor-
malized power spectrum is shown in Figure 3.

The normalized power spectrogram shown in figure 3
displays very clearly the wave event we are trying to
detect. It is propagating at 0.03 — 0.06 Hz between
2014 — 12 — 13 to 2014 — 12 — 16. This yellow signal
is likely the result of a swell wave as it propagates above
the IG wave threshold of 0.02 Hz. The goal of this soft-
ware package is to separate this dispersive swell event
(dispersive meaning the phase velocities of the wave dif-
fer from the group velocity) from the bright yellow ver-
tical signals which are also present in the image. These
vertical signals are non-dispersive and thus not due to
ocean forcing.

Next, the normalized power spectrum of Figure 3
is used to train and test a Gaussian Mixture Model
(GMM) which clusters it into 3 classes. A GMM per-
forms much like the well-known K-means algorithm
does; it takes in unlabelled data and classifies it into k-
clusters in an unsupervised fashion. Unlike K-means, a
GMM uses Gaussian distributions centered over cluster
centroids to determine the probability that each dat-
apoint belongs to a each cluster. Data is clustered
based on it’s highest probability. This allows a GMM to
perform well with data that isn’t circularly distributed
about a centroid value. In the case of our spectrograms
the GMM clusters pixels based on their power values.
The GMM is trained on the first 43 images of the 87
image dataset and tested on the remaining 44. The re-
sulting clustered Figure 3 is shown in Figure 4.

Next, the clustered image shown in Figure 4 is thresh-
olded so only the signal cluster (bright yellow cluster)
stands out from the noise. At this point in the process
the methodology switches from signal processing to im-
age processing so the time and frequency axes have been
removed from Figure 5.

Finally, the thresholded image of Figure 5 is fed into
the computer vision package OpenCV’s fitEllipse?®

2 https://matplotlib.org/matplotlib.pyplot.specgram.html
3 https:/ /opencv.org/
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Figure 2. Spectrogram of displacement data collected at Station DR10 on the RIS from December 8th, 2014 to December
19th, 2014. Color corresponds the power in dB scale.
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Figure 3. Spectrogram of normalized displacement data collected at Station DR10 on the RIS from December 8th, 2014 to
December 19th, 2014. The median spectrum over the 10 day period has been subtracted, meaning the power is a difference
spectrum without physical meaning.
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Figure 4. Clustered spectrogram of normalized displacement data collected at Station DR10 on the RIS from December 8th,
2014 to December 19th, 2014. The spectrogram is clustered using a GMM which identifies 3 clusters based on normalized power
values.

function, which takes in images and fits ellipses to the contours within them. I have filtered out ellipses which
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Figure 5. Thresholded and clustered spectrogram of normalized displacement data collected at Station DR10 on the RIS from
December 8th, 2014 to December 19th, 2014. The image has been thresholded so events stand out clearly.

are too small to be the signal of a physical event or are
vertically-oriented and thus non-dispersive.

The ellipses detected in figure A.4 define the swell
event noted in previous figures well. OpenCV's
fitEllipse function also removes non-dispersive ver-
tical signals from the final image.

3. RESULTS AND DISCUSSION

My software package takes in raw seismic data and
detects ocean wave events impacting the RIS using the
methodology explained in Section 2. The package does
not perform perfectly (see the Appendix for more ex-
amples) as it misses a handful events out of the 87 sam-
ples and classifies some ocean wave events using many
ellipses as opposed to one. Despite this by my hand-
counted number of times the software identifies true
events and removes non-dispersive signals, I find it to
be & 90% accurate based on the results listed in Table
1.

Table 1. Results (Hand-counted)

True Event Detections: 115
Accurate Noise Removals: 45
Missed Detections: 15

Missed Noise Removals: 4

Data is 87 10-day interval spectrograms spanning 100 days
(11/21/2014 - 3/1/2015). Data is recorded at station DR10
on the RIS.

This software package can be fine-tuned to create a
catalog of the start and end times of ocean wave events
impacting Antarctic ice shelves. This catalog would not
only be useful for understanding the number of events
which impact the ice shelves annually, but will also
be applied to create a dataset of labelled spectrograms
upon which a CNN can be trained to automatically clas-

sify ocean wave events. CNN’s are a sub-group of neu-
ral networks that perform well in image processing and
with the aid of a labelled train and test set would per-
form well when classifying the ocean wave events that
impact Antarctic ice shelves.

Automatically detecting and classifying ocean wave
events is an important step in predicting the stability of
Antarctic ice shelves, which buttress glaciers on land and
are susceptible to ocean forcing. Automatic event detec-
tion saves researchers time, provides a count of ocean
wave events impacting the ice shelves, and may allow
for the discovery of new kinds of ocean wave events. We
are excited to see how this summer project influences
the push for machine learning in the study of Antarctic
ice shelves as well as how a deeper understanding of ice
shelf stability may affect humanity’s reaction to climate
change.

ACKNOWLEDGEMENTS

We would like to thank MIT’s Haystack Observatory
for hosting this research project and allowing it to move
forward, as well as all the people involved at Haystack
for offering their advice during this process.

L.M.W. would like to thank the National Science
Foundation for funding the project under the REU grant
given to MIT’s Haystack Observatory. She would also
like to thank MIT’s Haystack Observatory for their kind
hospitality during the REU project.

Thank you to the stations collecting data on the RIS
which have allowed this work to be possible. All seismic
data were downloaded through the IRIS Wilber 3 sys-
tem (https://ds.iris.edu/wilber3/) or IRIS Web Services
(https:/ /service.iris.edu/).

Software: Matplotlib (Caswell et al. 2021), ObsyPy
(Team 2020), SciKit-learn (Grisel et al. 2021), OpenCV
(Sekachev et al. 2020), NumPy (Rougier et al. 2016)



AuTOMATIC EVENT DETECTION IN ANTARCTIC ICE SHELVES 5

Original image

Blurred image

Ellipse image

—

Figure 6. Result of detecting ellipses in the spectrogram of normalized displacement data collected at Station DR10 on the
RIS from December 8th, 2014 to December 19th, 2014. The input, blurred, and resulting images are shown. The result image
is created by running OpenCV’s fitEllipse function on the blurred image.
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APPENDIX

Blurred image Ellipse image

Figure A.1l. Result of detecting ellipses in the spectrogram of normalized displacement data collected at Station DR10 on the
RIS. The input image, the blurred image, and the result of OpenCV’s fitEllipse function are showed.
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Figure A.2. Result of detecting ellipses in the spectrogram of normalized displacement data collected at Station DR10 on the
RIS. The input image, the blurred image, and the result of OpenCV’s fitEllipse function are showed.
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Figure A.3. Result of detecting ellipses in the spectrogram of normalized displacement data collected at Station DR10 on the
RIS. The input image, the blurred image, and the result of OpenCV’s fitEllipse function are showed.
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Figure A.4. Result of detecting ellipses in the spectrogram of normalized displacement data collected at Station DR10 on the
RIS. The input image, the blurred image, and the result of OpenCV’s fitEllipse function are showed.
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