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Background

* Under some circumstances,
ocean waves couple their energy
to the solid Earth, generating
peaks in seismic energy that are
pervasively observed in seismic
stations around the globe.

* The most energetic ocean-
generated seismic signal is the
double-frequency (DF), or
secondary microseisms.
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Motivation

* Previous studies have shown a
strong correlation between
ocean wave height and
microseisms amplitude.

* Previous studies have shown that
ocean wave height can be
recovered from seismic records,
which is interesting for various
applications (e.g.: recovery of
historical climate parameters).

* Here we compare the
performance of different seismic-
to-buoy recovery methods.

Strong correlation between ocean wave height and seismic energy
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Method 1:

Develop an empirical transfer function between
buoy wave spectra and seismic spectra.

After Bromirski et al (1999)

Compute a seismic-to-buoy

empirical transfer function (T,), as

a ratio between ocean (S,) and
seismic (S,) spectra.

Recover ocean wave spectra from
seismic spectra.

Integrate the recovered ocean
wave spectra to obtain significant
wave height (H,).

Re-normalize the recovered SWH
using a linear or quadratic
regression between observed and
recovered SWHs.
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Method 2:
After Ferretti et al (2013) - e e

‘
- g 2e-04 3e-04 4e-04 5e-04 (M/s)/Hz

Recover SWH as the integral of seismic energy
in a chosen microseismic period band

Recover significant wave height

v

(H,3) as the integral of seismic
energy (S,,) over a relevant

microseismic period band. o
Optimize the period band (f,,,, ”

fnay) @and the amplitude factors
(a, b, c) by dual annealing: October Novernber

Frequency (Hz)
o
o

Ferretti et al, GJI 2013

fmax
a. Linear relationship: HCalc = \// —|S (f)2df,

min

fmax
b. Non-linear relationship: H°al° = exp (a + b In <\// 7 15n (f)lzdf>>

min



0 ) {1

| ! 0.00001
-0.000005 { } ]
° \ i 000001
-0.000005 - 4 ‘|||I i ; h .l |“|” “. i
: - : - - ~0.00000 1,
Neural Network iy, TR ..
r - : - 000000 4,
H | 0.00001
1. Divide the seismic spectra and booonpola——te—E L '__rz:::::
| 1
SWH from buoy to smaller chunk s %Mw oovon)
vectors by the time axis. s L) j
. -_— v . A J0.00000 4,
2. Develop a Recurrent Neural ‘-. | poees
-0.000005 4 III i “Il I ”l ” ‘“I J
i 2 , - < 1000000 4,
Networks (RNNs) to learn the D B s T
Wu-dlw |
transformation from seismic O |t il |50, |
\ 000001
spectra to SWH. o005 { o im b ool e il
FOPURTURY FIRATY PR THEY TR THRNY "
® ® | b tilol ..
tw Unfold tw tw tw Dooooool;’-”-‘.;___zéz__‘ 1ia 72 T::::::l'
tu tu tu tu 0. L'°____1ée___1é:___‘l-h 1Ec :’,é o,oooml‘

@
®
@
@

i
-0.000005 4 ||||i|ll| ‘I“' A “. i

10.00000 4,

152 154 156 158

148 150 152 154 156 158

1e9



Method 3:

Loss plot
Neural Network — maning s
—— Validation loss
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Data

e Ocean buoy and seismic
stations located in the
eastern USA.

e Ocean buoy 41013
(Available through NOAA)

* Seismic station CO.HAW.HHZ
(Available through IRIS)
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RES U |tS Tra | N | ﬂg Data Set [Data used to develop the transfer functions]

Ocean wave height — Observed at Buoy (blue) vs Predicted from Seismic Data (other colors) [2 yrs 8 mo]
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ReS U |tS Va | |d ath ﬂ Data SEt [Data not used to develop the transfer functions]

Ocean wave height — Observed at Buoy (blue) vs Predicted from Seismic Data (other colors) [4.5 months]
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Results

Method 1 Method 2 Method 3
(Bromirski et al, 1999) (Ferretti et al, 2013) (Neural network)
Linear Non-linear Linear Non-linear

Period Band 2-4s 2-4s 2-4s 2-4s 1-17s
Training Correlation 74.1% 73.1% 73.4% 73.3% 78.5%
dataset RMS 0.435 0.443 0.462 0.778 0.402
Validation Correlation 79.5% 78.4% 77.6% 77.6% 77.0%
dataset RMS 0.495 0.507 0.540 1.005 0.526




What if we use several seismic stations, rather than just one?
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What if we use several seismic stations, rather than just one?
[Results for method 3 — recurrent neural network — only]
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Correlation: 77.7%
RMS: 0.406
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summary

We compared three diferent methods to infer ocean wave height from seismic data:
* Method 1 (after Bromirski et al, 1999): Develops an empirical transfer function between spectral ocean buoy and spectral seismic data.
* Method 2 (after Ferretti et al, 2013): Optimizes significant wave height as a scaled integral of observed spectral seismic data.

* Method 3 (based on a neural network): Uses a recurrent neural network to output ocean significant wave height from input seismic data.

The three methods are able to succsessfuly recover ocean wave height from seismic data, with correlations
between observed and validation datasets of 70%-80%

Methods 1 (after Bromirski et al, 1999) and 2 (after Ferretti et al, 2013) perform slightly better when they
implement linear relationships between ocean wave height and seismic data.

Method 3 (based on a neural network) is more successful at reproducing the training dataset, but method 1 (after
Bromirski et al, 1999, but employing a linear relationship) is better able to reproduce the validation dataset.

The frequency range of the analysis is critical for a successful result. The methods can only reproduce well coastal
wave heights when focusing on short-period secondary microseisms (T = 2-3 s)

The performance of the prediction improves when several neighboring stations are used rather than just one.



