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Abstract We have explored various different machine
learning (ML) approaches for forecasting tsunami am-
plitudes at a set of forecast points, based on hypotheti-
cal short-time observations at one or more observation
points. As a case study, we chose an observation point
near the entrance of the Strait of Juan de Fuca, and two
forecast points in the Salish Sea, one in Discovery Bay
and the other in Admiralty Inlet, the waterway leading
to southern Puget Sound. One ML approach consid-
ered is to train a support vector machine (SVM) to pre-
dict the maximum amplitude at the forecast points. We
also explored the use of two deep convolutional neural
networks, a denoising autoencoder (DAE) and a vari-
ational autoencoder (VAE) to predict the full time se-
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ries at the forecast points. These latter approaches also
provide an estimate of the uncertainty in the predic-
tions. As training data we use a subset of the 1300 syn-
thetic CSZ earthquakes generated in the work of Melgar
et al. 2016 [10.1002/2016JB013314], reserving some as
test data. As additional tests, the trained ML models
have also been applied to other hypothetical CSZ earth-
quakes produced by very different approaches, such as
the “L1 event” from the work of Witter et al. 2013
[10.1130/GES00899.1] that is used in the generation of
tsunami inundation maps in Washington State. The ML
models are capable of providing very good predictions
from short duration observations, even when truncated
before the first wave peak has reached the observation
point.

Keywords Tsunami forecasting - Machine learning -
GeoClaw

1 Introduction

Real-time tsunami forecasts must be generated as quickly
as possible using incomplete data. A variety of differ-
ent data streams can be useful, e.g. seismic waveforms,
GNSS data, and/or direct tsunami observations. In this
paper we focus on tsunami surface elevation data, as
might be inferred from ocean bottom pressure sensors,
or measured directly by tide gauges or high-frequency
radar observations, for example; see e.g. (Bernard and
Titov, 2015; Grilli et al, 2016; Melgar et al, 2016a; Mulia
and Satake, 2020). The ideas we explore could poten-
tially be applied to other data streams as well.

We focus on one case study, forecasting tsunami am-
plitudes at locations in the Salish Sea based on hypo-
thetical sea surface elevation observations near the en-
trance of the Strait of Juan de Fuca (SJdF). The Salish
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Sea includes Puget Sound in Washington State and the
Strait of Georgia in Canada, with a large coastal pop-
ulation in Seattle, Tacoma, Vancouver, and numerous
smaller communities. Crustal faults running across the
Salish Sea could generate local tsunamis, but in this pa-
per we focus on tsunamis entering the Strait from the
Pacific Ocean, in particular from a megathurst earth-
quake on the Cascadia Subduction Zone (CSZ). The
Strait is essentially the only path for tsunamis to reach
the highly-populated portions of the Salish Sea from the
Pacific, and so we hypothesize that direct observation
of the tsunami near the entrance of the Strait should
be adequate to predict tsunami amplitudes within the
Salish Sea. Moreover, it takes 1-2 hours for the tsunami
to travel from the entrance of the Strait to many loca-
tions of interest, potentially providing time for useful
forecasting even from a CSZ event.

Hence we wish to use observations over a short time
period at one location to predict maximum amplitudes
over several hours at several other locations. We ex-
plore the use of machine learning (ML) approaches to
facilitate this. We train a model using hundreds of hy-
pothetical earthquake realizations, for which full time
series of surface elevations are generated at both the ob-
servation point and the forecast points using the Geo-
Claw tsunami modeling software. The input for the ML
model is the observation over some short time period
(the observation window T,,,, 30 or 60 minutes for our
tests) at the observation point. The desired output, at
the set of forecast locations, is either the full time series
over a longer time period (the forecast window Ty, 5
hours in our case), or simply the maximum predicted
amplitude over this time period.

Many different methods are already in use for oper-
ational tsunami warning; see (Bernard and Titov, 2015)
or (Mulia and Satake, 2020) for recent surveys. Re-
cently a number of research groups have also explored
the use of ML to develop new methodologies to rapidly
predict time series at forecast points (as we consider)
and/or maximum inundation estimates over a specified
coastal region based on truncated time series at one
or more observation points. One approach is to com-
pute a database of synthetic model results and then to
use these to train an algorithm to select the model from
the database that is thought to give the best agreement
with a new observation. The time series at a coastal lo-
cation (and/or inundation map) from that particular
model is then used as the forecast for the new event.
This approach was used, for example, by Mulia et al
(2016), and further developed by Mulia et al (2020) to
use low-resolution tsunami inundation maps as the in-
put. Running the low-resolution tsunami model in real
time during an event, using the results of a rapid source

inversion as initial conditions, then gives the input used
to select the high-resolution model from the database
that will be used as a forecast. Fauzi and Mizutani
(2020) also considered this approach with a different
ML algorithm, and also compared it with an approach
that is more similar to the one we adopt, in which the
ML algorithm using a shallow neural network directly
generates a new forecast rather than selecting a pre-
computed model from a database.

In this paper we consider approaches that do not
require running any tsunami model in real-time dur-
ing an event, and that predict the maximum amplitude
and/or the full time series at selected forecast points,
based on a truncated time series at a single observation
point. In theory these approaches could be extended to
include multiple observation points, but for waves en-
tering the Salish Sea we show that a single observation
point is sufficient to obtain good results.

In the first approach we consider, we use the tsfresh
software (Christ et al, 2016, 2018) to extract features
from the input time series and then feed these features
into ML algorithms implemented in scikit-learn (Pe-
dregosa et al, 2011). The goal is to predict the mazi-
mum tsunami amplitude at each forecast location, with-
out predicting the full time series. This approach is
discussed further in Section 4. We experimented with
various widely used algorithms, and present results ob-
tained by performing the same task using a SVM di-
rectly without feature extraction as well as a random
forest regressor (RFR).

The other approaches we consider are based on deep
neural networks and autoencoders, and are able to pre-
dict a full time series at the forecast locations. This
provides more forecast information than the maximum
alone, but does not provide interpretable information
on what features of the input signal are most impor-
tant in making the predictions. We comment further
on this Section 8.

We are also interested in providing some estimate
of the uncertainty in each forecast produced. We con-
sider two different approaches to this in the context of
autoencoders, as explained in Sections 5 and 6.

The case we focus on in this paper is a relatively sim-
ple case of tsunami forecasting, because observations
(over a sufficiently long time period) at a single point
are perhaps sufficient to determine the tsunami ampli-
tude throughout the Salish Sea, e.g. by performing a
tsunami simulation over the full Salish Sea using the
full time series of observations at the Strait entrance as
boundary conditions. The ML problem is still nontriv-
ial, however, and captures two primary challenges that
must be met to make this approach feasible for rapid
real-time forecasting following an earthquake: (a) to use
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ML to create a model that can quickly make these fore-
casts without the need for new tsunami modeling based
on the observations, and (b) to make the forecast using
truncated observations over as short a time period as
possible.

The results of this study are sufficiently promising
that we plan to extend this work to more challenging
tsunami forecasting problems. For example, predicting
coastal tsunami amplitudes based on observations at
one or more DART buoys would be more difficult since
sparse observations at a few points in the deep ocean do
not constrain the behavior at coastal locations to nearly
the same degree as is possible within the Salish Sea
using data from the entrance to the Strait. We discuss
other possible directions for future research in Section 8.

In this work we have used the GeoClaw software for
the tsunami simulations, which is distributed as part
of the open source package Clawpack (Clawpack Devel-
opment Team, 2020). This code has been validated for
tsunami modeling by the U.S. National Tsunami Haz-
ard Mitigation Program (NTHMP) after conducting
multiple benchmark tests as part of an NTHMP bench-
marking workshop (Gonzdlez et al, 2011; NTHMP, 2011),
and is currently being used to produce inundation maps
for much of Puget Sound and the outer coast of Wash-
ington State.

Note that we discuss the Karhunen-Loéve series in
the context of generating random earthquakes and the
Kullback-Leibler divergence in the context of the varia-
tional autoencoder. Both are abbreviated KL in differ-
ent contexts.

2 Generation of synthetic data

In order to train an ML algorithm we need a large set of
training data, in our case gauge time series records for
many synthetic tsunamis entering the Strait of Juan
de Fuca. Since there has not been a significant CSZ
event since 1700 there is no data available from real
events. Even in other parts of the world where major
subduction zone earthquakes are more common, there
are only a small handful of historical events. Thus we
must generate synthetic data by performing numeri-
cal tsunami simulations based on hypothetical ground
motions that are generated in a manner that is geo-
physically reasonable. For this paper we have used a
set of 1300 synthetic CSZ events that were generated
by Melgar et al (2016b) and archived at Melgar (2016),
and that range in magnitude from Mw 7.8 to 9.3. These
were originally used for testing the use of GNSS data
in the context of earthquake early warning, but the
ground motions can also be used as initial data for
tsunami simulations. These realizations were generated

using a Karhunen-Loeéve (KL) expansion as proposed by
LeVeque et al (2016), which provides a simple way to
generate a large number of random lognormal slip dis-
tributions with desired statistical properties. The Slab
1.0 geometry for the CSZ (Hayes et al, 2012) was dis-
cretized using 963 triangular subfaults, as shown in Fig-
ure 1. The KL expansion is based on the eigenvectors
of the desired 963 x 963 covariance matrix that relates
slip on each pair of subfaults, and was specified using a
Von Karman correlation function with Hurst exponent
H = 0.75 and correlation lengths based on the effec-
tive length and width of the fault, which was reduced
from the full fault geometry based on the target mag-
nitude. In addition, kinematic rupture parameters were
also added so that the rupture was initiated at a ran-
domly selected hypocenter and the rupture propagated
outwards over the course of a few minutes. Full details
can be found in the papers cited above.

Each random realization corresponds to a collec-
tion of slip values (meters of slip) on each triangu-
lar subfault, together with the rupture time and du-
ration. From these the time-dependent seafloor defor-
mation is computed as suggested by Comninou and
Dundurs (1975), a variant of the model proposed by
Okada (1985) for rectangular subfaults and commonly
used in tsunami modeling. Both triangular and rectan-
gular subfault versions are implemented in Python as
part of the GeoClaw software. Figure 1 shows the slip
distribution from one sample realization #1127, a Mw
8.9 event that initiates near the southern end of CSZ
and ruptures northward over roughly 4 minutes. We use
the time-dependent rupture in our tsunami modeling of
these events, although the recent work of Williamson
et al (2019) shows that this is expected to have little ef-
fect in the context we are studying, relative to the com-
mon practice of using an instantaneous displacement of
the entire seafloor to the final displacement. Moreover,
although we always use these time-dependent deforma-
tions in our training data, we also tested the resulting
models using some other tsunami source models that
consist of instantaneous displacement.

The tsunami generation and resulting propagation
is then modeled by the nonlinear shallow water equa-
tions, using the high-resolution finite volume methods
and adaptive mesh refinement implemented in Fortran
with OpenMP in GeoClaw. This efficient code enables
the solution of hundreds or thousands of tsunami sim-
ulations, and has been used with large numbers of real-
izations in other contexts such as probabilistic tsunami
hazard assessment (PTHA); see for example (Crempien
et al, 2020; Williamson et al, 2020).

Synthetic gauges record the water elevation for each
realization at a set of points in the computational do-
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Fig. 1 Left: Surface projection of the triangular subfaults of Slab 1.0 model of CSZ together with slip from a sample realization
#1127, with Mw 8.8. Right: Final seafloor deformation for realization #1127 as computed with the Okada model. In each
figure, the black rectangle shows the SJAF region that is shown in more detail in Figure 2.

main. Figure 2 shows the locations of the gauges used in
this work. Gauge 702 is located near the entrance of the
Strait, and we assume that observations are available at
this “observation point”. The other gauges are located
at hypothetical “forecast points”, where we hope to
make rapid forecasts of the tsunami amplitude. Gauge
901 is located deep in Discovery Bay, where field work
has uncovered tsunami deposits from several past CSZ
events; see e.g. (Garrison-Laney, 2017; Williams et al,
2005). Gauge 911 is located in the middle of Admiralty
Inlet, the passage between Port Townsend and Whid-
bey Island that leads to southern Puget Sound.

Each tsunami simulation was run for 6 hours of sim-
ulated time, with adaptive refinement used to allow re-
finement to varying resolutions in the computational
domain depending on the resolution needed to capture
the waves of interest. In particular, 30 arcsecond res-
olution was allowed in the Cascadia source region and
through the Strait and Admiralty Inlet, while finer 2
arcsecond grids were allowed in Discovery Bay to bet-
ter capture inundation of this region. The simulations
were run on an “ocean at rest” so the effects of tides are
not included. Real observation data would have to be
de-tided before providing as input to a machine learning
model trained in this manner.

Figure 3 shows three frames from the tsunami sim-
ulation for the sample realization #1127, at 2 minutes,

15 minutes, and 1 hour after initiation of the kinematic
rupture that evolved over roughtly 4 minutes. For this
particular realization, the first wave is just starting to
enter the Strait at about 1 hour. Note that there are
large edge waves trapped on the continental shelf that
continue to propagate up and down the coast for many
additional hours, and lead to additional waves moving
into the Strait at later times. Figure 4 shows the same
tsunami at 1.5 and 2.5 hours, now focusing on the SJAF
region. The peak of the first wave reaches both forecast
gauges 901 and 911 at about 2:30, and is followed by ad-
ditional waves. Figure 5 shows the time series of surface
elevation at these gauges for this realization.

For each of the approaches discussed below, we use
some of the random realizations as training data and
reserve others for use as test data. There is a great
deal of variation in the characteristics of the different
tsunamis generated by the KL expansion. However, to
minimize concerns that the method trained on KL real-
izations will only do a good job of predicting other such
realizations, we have also tested each model on some ad-
ditional hypothetical tsunamis generated from seafloor
deformations developed by other research groups using
completely different approaches, and for which only the
final static seafloor deformation is available rather than
a time-dependent rupture. In particular, we use a source
that models the last major CSZ event of January 26,
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ruptures from south to north with a total duration of about 4 minutes.

1700 that was developed by Wang et al (2013) to be con-
sistent with the paleotsunami data available from field-
work along the coast. This model also used a slightly
different fault geometry than the one used in gener-
ating the training data. Two whole-length CSZ source
models from the work of Gao et al (2018) have also
been used, those denoted by B-Whole (a buried rup-
ture) and S-A-Whole (with a splay fault that enhances
seafloor uplift). We also use the so-called L1 source from
a set of tsunami sources developed for PTHA by Wit-
ter et al (2013), employing a version that was extended
further to the north for recent hazard assessment on
the Washington coast, as used for example by LeVeque
et al (2020). This is a larger magnitude event that also
includes a splay fault. All of these test sources specify

instantaneous uplift rather than a propagating rupture
and are quite different from the events used as train-
ing data for the ML algorithms, particularly those that
involve splay faults. In spite of this we find that the
algorithms we present generally give surprisingly good
forecasts even for these events.

3 Methodology

We first discuss the structure of the data and how we
pre-process the data set before applying the various ma-
chine learning methods. We will also define the general
cost function framework that we will use to describe
various ML models in the subsequent sections.
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3.1 Data preparation

From the 1300 synthetic events of (Melgar, 2016), we
first discarded all realizations for which the resulting
tsunami was considered negligible in the region of inter-
est. We exclude from our experiments any realization
for which the tsunami surface elevation at gauge 702
does not exceed 0.1m in amplitude, or where the am-
plitude at gauge 901 does not exceed 0.5m during the
entirety of simulation time. This reduced the number
of realizations from 1300 to 959.

The time series at each gauge that is output by the
GeoClaw tsunami simulation may be at non-uniform
times, due to the adaptive mesh refinement algorithms
used, so they were interpolated to a uniform set of times
with 10 second resolution in order to make equal size
data sets from each simulation (comparable to the sam-
pling rate of some instruments).

As the observed data we want to use only a short
time series of duration T, (the observation window) in
order to predict the time series over a longer time pe-
riod T, (the forecast window) at each forecast gauge.
In this paper we compare observation windows of 30
and 60 minutes and use a prediction window of 5 hours.
The starting time of these windows is allowed to vary by
realization, however, since the tsunami from an earth-
quake that is more distant from the Strait takes more
time to arrive (both at the observation gauge and at
the forecast points). We choose the starting time ¢, for
each event as the time when the surface amplitude at
Gauge 702 first exceeds 0.1m in magnitude. The time
series data at gauge 702 from ¢, to t1 +7T,,, is then used
as the observed data for this event, and we attempt to
forecast over time t; to t; + Ty at each forecast gauge.

From our 959 realizations we randomly chose a train-
ing dataset of 767 realizations (80%), and reserved 192
(20%) for testing (along with the additional test sources
mentioned in Section 2). We use the same splitting of
training/test data for each of the algorithms we tested,
so that the different ML methods we considered were
all presented with the same set of training data. (We
also tried different random choices of the training set
and obtained similar results.)

3.2 General Learning Framework

We will set up a general learning framework by in-
troducing definitions and notations that will be used
throughout the following sections.

The input and output data are composed of the sur-
face elevation time series in the observation and fore-
cast windows (Figure 5). The input x € R™ebs contains

the surface elevation time series of the observation win-
dow at gauge 702 at N,ps uniform times. The output
y € RMoraXNig contains information about surface ele-
vation in the forecast window at N, target gauges; it
can be either the maximum surface elevation over the
window or the time series of surface elevation at Nprq
uniform times.

As discussed in the previous section, our training
dataset contains Niain = 767 realizations and it can be
written as the pair Dirain = [Xtrain, Ytrain] Where

Xtrain - [X17 7XN”ain]7 Ytrain - [Yh ayNna;n]- (1)

The test dataset Diest = [Xtests Ytest] Of size Niest =

192 is defined similarly. The entire data set of size Ngata =

Ntrain + Ntcst will be denoted by Ddata = [Xdataa Ydata}
Our forecast models will be functions of the form

o RNovs  RNVpar — RNpraXNeg, (2)

For each model parameter @ € R¥var the function f(-, 8)
maps the input x to the output y. We will denote by F
the collection of functions of the form (2). Depending
on the specific choice of f, the model can utilize vari-
ous latent (or hidden) variables z € Rt that are not
explicitly exposed as inputs or outputs of the model f.

For our prediction task, we need to estimate the
parameters € by a supervised learning procedure. We
define the loss function £ : F x RVear x RNobs 5 RNout
R, as a function of the model, the parameters, the
training input and the training output. Our loss func-
tion £ will be the sum of the data misfit term £¢ and
the regularization term L7, that is,

L(f,0,X,Y) =L(f,0,X,Y)+ L7(f,6,X,Y).  (3)

Given a class of regression models f and the training
dataset Di,ain one learns the parameters @ by minimiz-
ing the the general objective

min E(fa 0a Xtrairu Ytrain)- (4)
OcRNpar
In the subsequent sections, we will describe various
learning procedures by specifying the model f and the
cost functions £¢ and L£” that appear in this general
formulation.

4 Support vector machines

Support vector machines (SVMs) are supervised learn-
ing models that can be used to perform nonlinear re-
gression and classification on high dimensional data.
In our approach, we use e-Support Vector Regression
(e-SVR) as implemented in the scikit-learn library
(Pedregosa et al, 2011) to map the input time series
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to the maximum tsunami amplitude at each forecast
location.

For each of the two forecast gauges, we construct
two models corresponding to the length of the observa-
tion window. For each model, the form of the input is
x € RNevs| the time series of the observation window
of length 30 or 60 minutes (Nops = 180 or Nops = 360,
respectively), and the output y € RMt is the maxi-
mum surface elevation Nmax (Npra = 1) at either of the
gauges gauges 901 or 911 (N = 1) over the forecast
window.

We found that it is more effective to first map each
input series into a feature space determined by statistics
and other characteristics of the time series. We use the
tsfresh library to extract features from the time series,
such as its distribution of points, correlation properties,
stationarity, entropy, and other nonlinear characteris-
tics (Christ et al, 2016, 2018). A vector containing the
extracted features z obtained by applying time charac-
terization methods 1, j = 1, ..., Nieat to the time series
x will be denoted by

2= W(x) = [P1(X), o, g (X)) (5)

We will collect these features for the training set

(21,3 2N ] = (X)), O (X)) (6)

The e-SVR fits a hyperplane of the form 0sz +6, =
0 which maximizes the number of training points in
the data set [Ztrain, Ytrain] located at most e distance
away from the hyperplane. Collecting the parameters
in @ = [01, 03], our SVM model is of the form

Ztrain =

fs €F, fs(x;0) =0T (PoW)(x)+ 0. (7)

The primal problem for estimating model param-
eters O has the form (4) with the hyper-parameters
g,C > 0 (Hastie et al, 2001),

‘Cc(fs7 0; Xtrain Ytrain)

Ntraiu
1
=C- N ; max (0, | fs(x;;0) — yi| —€), (8)

1
ET(fS7 67 Xtraixn Ytrain) = 5 ||0||%2

The regularization parameter C' controls how strongly
training points greater than e distance from the hy-
perplane are penalized. The transformation @(z) is in
general nonlinear and implicitly maps the feature vec-
tors to a higher dimensional space and gives the al-
gorithm the flexibility to perform nonlinear regression.
The resulting optimization problem is solved by apply-
ing an SMO-type decomposition method to the asso-
ciated dual problem (Chen et al, 2006). Rather than

specifying ¢, we apply the kernel-trick and solve the
dual problem that only requires #(z;) - ®(z;) which can
be represented by the kernel function K (z;,z;) (Hastie
et al, 2001). For our model, we chose the radial basis
function (RBF) kernel K : RVeat x RNeat — R,

K(z,2') = exp(—|z — 2'||*). (9)

with regularization parameter v > 0.

A grid-based parameter search using k-fold cross-
validation (Hastie et al, 2001) was done on the hyper-
parameters C' and v in order to obtain the best possible
model. The elapsed real time for extracting features and
training an SVM was about 6 minutes, on Intel Xeon
Platinum 8268 24C 205W 2.9GHz Processor and 384GB
of memory. We trained four such models, one for each
of the 30 minute and 60 minute observation windows,
predicting nmax at gauges 901 and 911. The number of
features used was Ni.,t = 700. The results are shown
in Figure 6.

We have also tried a variation of this approach, by
inputting x directly in an SVM, in place of the ex-
tracted features W(x). We also experimented with a
random forest, another widely used regression model
(Hastie et al, 2001). A summary comparing these ap-
proaches appear in Section 7.

5 Denoising autoencoder (DAE)

As another approach, we will use a type of neural net-
work called the denoising autoencoder to forecast the
full time series of the surface elevation in the forecast
window, as opposed to just the maximum surface eleva-
tion over the window. We will denote the model by fp
in the form (2). The input x € R¥ebs contains the inter-
polated surface elevation time series of gauge 702 in the
observation window at uniform times, of sizes Ngp,s = 26
and Nyps = 51, for the 30 minute and 60 minute win-
dows, respectively. The model output y € RNeraxNeg
will be the estimate for the full time series for the sur-
face elevation at all gauges (Nyz = 3) over the 5 hour
forecast window at uniform times (Npq = 256). We
will use the same time-discretizations for x and y; as a
result x; will be a sub-block of y; for each realization.

A DAE is a neural network with the encoder-decoder
structure that is trained to denoise or correct corrupted
data (Goodfellow et al, 2016). We will use h and g to de-
note two neural networks, called the encoder (or recog-
nition model) and the decoder (or generative model)
respectively. The input and output to the DAE will be
distinct from those of our model fp, so we will use x’
to denote the input to the DAE to distinguish it from
the input x to the model fp.
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Fig. 6 Prediction results using the SVM at gauge 901 (left column) and 911 (right column). Prediction results are compared
when using an observation window T,,, = 30 minutes of time series data (top row) and 60 minutes of time series data (bottom
row). In each case the scatter plot shows the predicted maximum tsunami elevation vs. the observed maximum from the full

simulation, with one point for each realization tested.

The encoder h : RVera x RNpar —y RNt maps the
DAE input x’ € RMerd to latent variables z € RMat
while the decoder g : RMat x RVt — RNpra maps the
latent variables to a reconstruction of the DAE input.
Writing 6}, to denote parameters of A and 6, that of
g, we let 0 = [05,0,] and Np,, = NE,ZB + Négl. An
autoencoder is the neural network resulting from the
composition

sop : RVora x RNowr — RNVora
ep(x’;0) = g(h(x';0,);0,).

Autoencoders can be trained to denoise its input data,
simply by corrupting the training input X} .., during
the learning procedure. Let )Z,’crain denote a corrupted
version of the training input data X{,.;, then the au-
toencoder & p can be trained to recover the uncorrupted

data x’ from X’ via the procedure

min  L(zp,0, X! ! in)- (11)

N trains “*train
OcRVpar

The resulting DAE &p is a nonlinear denoising func-
tion. The ability of DAEs to recover the uncorrupted
data goes beyond random noise corruption (Vincent
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et al, 2010) to more severe or structured forms of cor-
ruption; for example, a significant contiguous portion
of the input data can be masked (Pathak et al, 2016;
Li et al, 2017).

The task of predicting future surface elevation at
various gauge locations can be put into this framework.
In the context of our forecast model fp, the desired out-
put y € RNVeraxNiz wil] play the role of the uncorrupted
DAE input variable x’. That is, the desired reconstruc-
tion from the DAE is the full time series in the forecast
window at all gauges, the surface elevation at Np.q uni-
form times. For example, for the i-th data point in the
training set Dipain the uncorrupted DAE input is

MN702,i N702,i,1 * =+ N702,i,m *** 1702,i,Npra

/
X; = [M9o1,i 7901,i,1 **° 7901,i,n " 7901,i,Npra
M911,i M911,i,1 = M911lim *** 71911,i,Npra

(12)

This is equal to the desired output y; of the forecast
model fp.

In our prediction task, we use the surface elevation
reading at gauge 702 in the observation window for pre-
diction. This can be viewed as partial data of the time
series over the longer forecast window. For the i-th data
point, the corresponding corrupted data of has the form

N702,i,1 * M0t 0 0
0 0 0---0]. (13)
0o ... 0 0---0

In other words, we mask the data by setting to zero the
entries outside the observation window. In addition, we
will choose to omit the null rows, after which the i-th
corrupted DAE input X becomes

X = [77702,i,1 t 10702,4,Nops 0+ * - 0] € RVvrd, (14)

Relating this to the input x; to our forecast model, X/ is
equal to [Xi | O] . A zero-padding map A can be defined
to relate the two in a concise manner,

A RNObS — RNprd, A(XZ) = [Xi | O} . (15)

Finally, we define our model fp by composing the zero-
padding map A and the DAE &p,

fop €F, fpo(x;0)=ap(Ax);0). (16)

That is, the model fp takes the time series data from
the observation window and feeds the zero-padded par-
tial data into the DAE, which in turn reconstructs the
full time series in the forecast window.

We next specify the architectures for the neural net-
works h and g. Here we will employ standard convolu-
tional neural networks (CNNs) for both the encoder h

and the decoder g network. CNNs form a fundamentally
important class of neural networks that enabled break-
through results in signal and image processing (LeCun,
1989). In the discussion here we use standard techni-
cal terminology without detailed explanations, see ref-
erences such as Goodfellow et al (2016).

The network architecture for the encoder h can be
written as follows,

W(X';04) = Poo oK (0y) -+ x Poo oK) (0h) + X',
(17)

Here * denotes the 1D convolution operation, o the
activation function, P the pooling operator.

The decoder g is typically defined as the “transpose”
of the encoder,

9(z;04) =00 Kéig(eg) Ko g oK)

dec(0g) ¥ 2, (18)
where *’ denotes the transpose of the convolution op-
erator *.

We choose the convolution kernel Ké@c of width 3
with bias and zero-padding, and K((fe)c of width 2 and
stride 2 with bias. The number of channels for each
layer is shown in Table 1. The activation o is chosen as
the leaky rectified linear unit (LReLU) with negative
slope 0.5, and the pooling operator P as the max-pool
operator with stride 2. The networks i and g respec-
tively have the total number of parameters NéZZ =15
million and nggz = 1 million. A simple block-diagram
of the DAE architecture is displayed in Figure 7. This
architecture was inspired by a 2D analogue used for im-
age processing tasks (Li et al, 2017). The large number
of parameters for the model fp is unusual from a classi-
cal perspective, but is common in deep learning models
(Zhang et al, 2017).

We use the mean absolute error (MAE) as the train-
ing loss without any regularization,

ﬁc(fDa 03 Xtraina Ytrain)

Ntrain
1
= N, Z Hyz _fD(Xive)”?lv (19)
train i1
LT =0.

When training deep neural networks, one typically par-
titions the training set into minibatches (Goodfellow
et al, 2016). We choose minibatches each with at most
20 data points. The estimation of the parameters 6 for
the encoder-decoder pair is done by solving the problem
(4) via a stochastic gradient descent algorithm Adam
developed by Kingma and Ba (2015).
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] 1 2 3 1 5 6 7 B
in channels for K{5, | 1 64 64 128 128 256 256 512
out channels K'9. | 64 64 128 128 256 256 512 512
in channels for K. | 3 64 64 128 128 256 256 512
out channels K | 64 64 128 128 256 256 512 512
Table 1 Specification of number of input/output channels for convolution kernels Ké@c, K((f;)c for layer £.

Encoder h(x,0,)

RN lat

Latent
State

z € RNu

Decoder g(z,80,)

RN lar% par RNF vd

h)
. RNoraXNiar
.

. Deterministic . Random

Fig. 7 A diagram of the convolutional architecture of the deterministic autoencoder (10).

We are also interested in estimating the uncertainty
in our forecasts, so we train an ensemble of autoen-
coders on an identical training set, each from from ran-
domly initialized set of weights. For example, the en-

semble would consist of a population of models { fD )} P

To make a prediction, we use the mean and variance of
the ensemble. For a new input x, we use the sample
mean of the autoencoder output, and the uncertainty
regarding the prediction is provided by the sample vari-
ance

1 =E[fp(x)], = Var [fp(x)]-

We will take f1 as our prediction y. The ensemble out-
put represents the uncertainty in parameter estimation
(19), and can be viewed as providing an estimate of
the uncertainty in the forecast. However, there is no
rigorous guarantee that the observation will lie within
certain distance to the estimate y.

We train the ensemble up to 400 epochs. The train-
ing loss of the ensemble at each epoch is plotted in Fig-
ure 8. The loss tends to decrease more slowly when only
30-minute window is used, reaching comparable levels
around 250 epochs. Our implementation is based on the
PyTorch package (Paszke et al, 2019). The elapsed real
time for training one model for 400 epochs using Intel
Xeon Platinum 8268 24C 205W 2.9GHz Processor and
384GB of memory with NVIDIA V100 GPUs is about
3 minutes. We trained two ensembles of 25 models each
ensemble using 30 minute and 60 minute of observation
windows as inputs. The individual models in the en-
semble can be trained in parallel, but in this work we
trained the models sequentially on a single machine.

(20)

£ mean * 2 std (30mins)
£ mean (30mins)

]
[0 £ mean % 2 std (60mins)
—_— (60mins)

L mean

training loss

i Jladdd ) M
LAy \f“-‘ S

200 250 300 350 400

epochs

0 50 100 150

Fig. 8 The mean and two standard deviations of ensemble
training loss of the ensemble during stochastic gradient de-
scent.

We used the neural network trained up to 100 and 200
epochs, for the 30 minute and 60 minute models respec-
tively, to produce the results.

The DAE produces a full time series over the 5 hour
window as the result of its prediction, so we can also
estimate the maximum surface elevation over the time
series to predict Nmax for each gauge. The resulting pre-
diction for the training and test data are displayed in
a scatter plot in Figure 9. The prediction is in good
agreement with the observed data, and the prediction
generally improves when a larger observation window
is used.

The full time series prediction at Gauge 901 for
a specific run in the dataset is shown in Figure 10.
This figure shows the 25 predictions from the ensem-
ble, each of which was generated using a DAE model
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trained with a different initial guess for the parame-
ters, providing an estimate of the uncertainty as de-
scribed above. The mean prediction, along with 20 un-
certainty bands, are then shown in Figure 11 for all
gauges, and for both observation windows. Predictions
for the L1 scenario are shown in Figure 12. Both show
good agreement with the observations. We note that
the uncertainty illustrated here shows the uncertainty
within this particular ML model (by estimating the sen-
sitivity to the choice of initial guess of parameters). It
does not directly provide an estimate of the accuracy of
the forecast, and the true observation often lies outside
of the uncertainty band, particularly at later times and
for test realizations that exhibit quite different wave
characteristics than the training data used to train the
model. Nonetheless, this uncertainty gives some useful
information about this particular model regarding the
sensitivity or stability of the training procedure (19),
which is is related to the well-posedness of the parame-
ter estimation task. For a systematic discussion relating
neural network ensembles and uncertainty estimation,
see Lakshminarayanan et al (2017). In the next section,
we will consider a neural network architecture that pro-
vides a more explicit treatment of the uncertainty.

6 Variational autoencoder (VAE)

As touched on in Section 5, we may train an ensemble
of models to create confidence bounds on the output.
However, we can augment the autoencoder framework
to produce these confidence bounds while training only
one model. A VAE is an autoencoder whose latent ran-
dom variables z € R™at are trained to have desirable
probability distributions. Similarly to the deep convo-
lutional autoencoder, the VAE can be decomposed into
an probabilistic encoder model and a probabilistic de-
coder model, and the random latent variables z sit in
between the recognition and generative models. This
modification to the usual deterministic autoencoder re-
quires a probabilistic interpretation of the cost func-
tion described in Section 3. The derivation here follows
Kingma and Welling (2014).

We will first extend the deterministic autoencoder
model (10) to a stochastic one. We assume that the
input data x’ to the autoencoder is generated by a ran-
dom process involving the latent random variable z.
This process first generates a value z; from some prior
distribution p(z) then generates x; from a conditional
distribution p(x’'|z).

We will assume that the prior p(z) and likelihood
p(x'|z) come from parametric families of distributions
p(z;9) and p(x’|z; 9). We do not know the true param-
eters 9" nor z, so we perform a maximum likelihood or

maximum a posteriori (MAP) inference on the global
parameters and variational inference on the latent pa-
rameters.

Many variational inference models concern evaluat-
ing the marginal likelihood p(x’; 9¥) but VAEs also learn
the true posterior density

p(x'|z;9)p(z;9)
p(x;9)

These functions are extremely intractable for nonlin-
ear problems with large dimensions, so the VAEs make
approximations: an encoder model z ~ ¢(z|x; 0},) is in-
troduced, as an approximation to the intractable true
posterior p(z|x’; ¥). However, one can learn the encoder
model parameters jointly with the decoder model pa-
rameters 9 .

p(zlx;9) = (21)

The marginal likelihood is composed of the sum over
the marginal likelihoods of individual data points

Naata

logp(x';9) ~ Y logp(xj;d).
=1

Each i*" component of the marginal likelihood can be
rewritten as

log p(x;;9) = Dir(q(z|xi; 0n) || p(z]xi;9))
— Drcr(q(z]x;;0n) || p(z;9)) (22)
+ Eq(z|xi;9h) [IOgP(X1|Z7 19)]

where the first two terms on the RHS are the Kullback-
Leibler (KL) divergence given by, e.g.

Dx1, (q(z|x; 01) || p(z; 9))
q(zx;;ew] (23)
p(z9) |

This second term can be interpreted as a regularizer
encouraging the approximate posterior to be close to
the prior p(z;9). The KL divergence is non-negative,
so omitting the first term leads to the variational lower
bound on the marginal likelihood of i-th data point,

log p(x};9) > —Dx, (¢(z|x}; 04) || p(z;9))
+ Ey(alx;:0,) [log p(x;]2; )]

= Eq(z1x;:01) [log

(24)

This lower bound will serve as our loss function £ in
the minimization problem (4).

In this view of the VAE, the encoder h of the form
(10) is now a parametric inference model q(z|x; 0p,), op-
timized so that ¢(z|x'; 0;) = p(z|x; ).

We note here that unbiased gradients are difficult to
attain in a straightforward way, so we use an optimiza-
tion routine derived by the reparameterization trick
(Rezende et al, 2014) which expresses z ~ ¢(z|x;0})
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Fig. 9 Prediction results using the DAE, as explained in the caption of Figure 6, with the addition of a vertical bar centered
on each test prediction showing 20 for the uncertainty in the prediction, as explained in Section 5.

Realization #1127, observation window 30 mins
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Fig. 10 Time series predictions at Gauge 901 from the 25 individual DAE models in the ensemble for Realization #1127,
obtained with different initial guesses for the parameters. The mean and two standard deviations are shown in Figure 11.
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Realization #1127, observation window 30 mins

Realization #1127, observation window 60 mins
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Fig. 11 Predicted time series for realization #1127 using the DAE, based on the observed data shown in
observation window 30 minutes (left column) or 60 minutes (right column). The sensitivity of the model to
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Fig. 12 Predicted time series for the L1 scenario using the DAE, based on the observed data shown in the top row for
observation window 30 minutes (left column) or 60 minutes (right column).
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Fig. 13 A diagram of the convolutional architecture of the variational autoencoder (27) as described in Section 6.
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as a differentiable and invertible deterministic transfor-
mation of another random variable € given 6, and x/,

z=G(e,x';0y) (25)

for € independent of ¥ and x’ with its own independent
marginal p(g). This allows us to replace the expectation
with respect to q(z|x;0y) with the expectation with
respect to p(e), thereby rewriting the expectation in
the RHS of (24)

Eyg(z/x;0,) [10g p(X]|2; 9)] (26)
= Ep(e) [log p(z; 9)p(xi|z; 9) — log q(2[x]; 04)]
where z = G(e,x’). This allows the formation of a
Monte Carlo estimator of the individual data point ev-
idence lower bound where we use a single noise sample
e from p(e) that is unbiased.

A common prior that we choose here is the cen-
tered isotropic Gaussian p(z;9) = N (z;0,I) where I is
the identity matrix. We let the variational approximate
posterior ¢(z|x;0}) be the multivariate Gaussian with
diagonal covariance q(z|x;; 05) = N (z; u;, 0?) with z €
RMat for Npu = 450, and the mean and standard devi-
ation p,; and o; are outputs of the encoder h(x'; 8},).

Finally, we use the zero-padding function A (15)
with input x; € RVeraXNes and output y; € RNVpraxNeg
as in the previous section. We then sample from the
posterior z; ~ q(z|x}; 05) as follows,

x; = A(x;)
(ki, 07) = h(xi; ),
7 =G(e,x};0,) =p, +0;,0e, €~N(0,]I),
Vi=9(2i;6,),
(27)

where ® is the Hadamard product. This random
process will serve as our model, which we denote by
fv. While the input-output dimensions of fi, are same
as the functions in F, we will presume that the output
of fy is random.

The KL divergence has the form

—Dxw (q(z|x4; 01) || p(z;9))

Nlat

1 (28)
=35 Z(l + IOg(U?,i) - ﬂ?z - %21)
j=1

Let us collect all parameters in 8 = [Bh | 09]. Upon
rewriting the second term in (24) as an ¢2 misfit, we

—— £ (30mins)
—— £ (60mins)

training loss

0 200 400 600 800 1000
epochs

Fig. 14 Training loss for each epoch during the training pro-
cedure of the VAE.

arrive at a problem to that of the form (8),

‘CC(fVa 07 Xtraina Ytrain)
Ntrain

= Y I A0l
- (29)
‘Cr(fVa 07 Xtraina Ytrain)
1 Nirain Niat
=3 Z Z(l + 10%(%2‘,1‘) - ﬂ?z - 032‘,1‘)-
i=1 j=1

We train one VAE on the same training set de-
scribed in Section 3. The elapsed real time for train-
ing the VAE for 1000 epochs is about 3 minutes using
the same hardware as the DAE. With only one model to
train, we were also able to train the VAE on a laptop us-
ing a CPU, a 2017 15in MacBook Pro with Intel Core i7
Quad-Core 3.1 GHz Processor with 16 GB memory, the
elapsed real time was about 25 minutes. The training
loss for each epoch is plotted in Figure 14. We trained
two VAESs, each providing predictions based on 30 and
60 minute observation windows.

The trained model also produces p and o, the mean
and standard deviation of the latent variables, for each
input. We then create 100 realizations by sampling the
latent variables from this Gaussian distribution & ~
N (p,o) and evaluate the decoder model g(z;0,) for
each z = p + o ® €. This gives us 100 time series,
as shown in Figure 15. From these we can compute
the mean time series and a standard deviation at each
time, similar to the approach used for the DAE, in or-
der to obtain the forecast gauge results with uncertainty
bands shown in Figure 16 for #1127 and in Figure 17 for
the L1 scenario. As discussed previously for the DAE,
the uncertainty bands shown are related to uncertainty
in the model being fit to the data, and should not be
interpreted as estimates of the error in the forecast. An
advantage of the VAE approach is that only one ML
model is trained, which results in (u, o) as an output.
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It is then very quick to evaluate 100 (or more) realiza-
tions in order to compute the mean prediction forecast.
By contrast, the mean prediction (and uncertainties)
for the DAE was determined by training 25 randomized
models, which requires more computational resources.
In either case applying the model to new set of obser-
vation data is extremely quick and could be done in
real time during an event, provided the training was all
done in advance.

We can also record the maximum surface elevation
from the predicted time series resulting from the VAE
for each test realization, and we compare these to the
true (observed) maximum surface elevation in the scat-
ter plot of Figure 18. As with the previous methods
tested, we see that prediction is in good agreement with
the observed data, and the prediction improves when a
larger window is used.

7 Comparisons and Conclusions

Figures 6, 9, and 18 show the scatter plots compar-
ing the predicted maximum amplitude of the tsunami
at the forecast gauges against the observed values, for
the three different approaches we compared. In each
case, results are shown for the two gauges 901 and 911,
and the results obtained with two different observation
windows 30 minutes and 60 minutes are presented. The
same splitting into training data and test data was used
for all methods to provide a fair comparison.

All three approaches are able to make predictions
that are generally well correlated with the observations
(with the points corresponding to test data lying fairly
close to the 45° line). In each case the predictions made
based on a 60-minute observation window are somewhat
better than when only 30 minutes of observed data is
used, as would be expected. This is particularly notice-
able for the VAE results of Figure 18, where T, = 30
minutes gave a model that tended to under-predict, re-
sulting in most points lying below the 45° line in the
scatter plots.

In order to compare these results more directly, we
have computed the average absolute error in peak am-
plitude over all realizations from the test set, along with
the corresponding explained variance score. This gives
a pair of numbers for each combination of method and
T, at each forecast gauge. These values are plotted to-
gether in Figure 19. Note that the errors for gauge 901
(half-filled symbols) are much larger than for 911 (solid
symbols) because the tsunami amplitude was much larger
in Discovery Bay than in Admiralty Inlet, and also per-
haps because the response in this shallow location is
more nonlinear and harder to predict. So the methods
should be compared separately for each gauge.

We can make the following observations, at least for
the particular set of methods and hyper-parameters we
tested:

— In all cases increasing the observation window from
30 minutes (blue symbols) to 60 minutes (red sym-
bols) improves both the average error and the ex-
plained variance score.

— Using the SVM approach on the raw data (squares)
generally performed worst, but applying the SVM
to features extracted using tsfresh (hexagon sym-
bols) gave much better results.

— In all cases tested the DAE (upright triangles) per-
formed best overall. For gauge 901 with 60 minute
window and for gauge 911 with 30 minute window,
VAE (inverted triangles) and RFR (circles), respec-
tively, achieved slightly better results than the VAE
in terms of the explained variance score.

The AE approaches also have the advantage that
they produce full time series predictions, and not just
estimates of the maximum amplitude. Comparing the
time series predictions, e.g. Figure 11 with Figure 16
for realization #1127, or Figure 12 with Figure 17 for
the L1 event, we see that both autoencoder approaches
are capable of producing surprisingly good predictions
based on short observation windows, particularly for
the first wave. This is particularly noteworthy for the
L1 event, which is quite different from the realizations
generated using the KL expansion that were used to
train the model, and incorporates a splay fault in ad-
dition to slip on the subduction fault surface. For both
AE approaches we can produce an ensemble of model
results, as described above, and produce a mean fore-
cast along with uncertainty bands. These can be calcu-
lated with less work by the VAE than with the DAE ap-
proach, which requires separately training each member
of the ensemble. However, for all of the models tested
it is important to note that, once trained, the model is
very quick to apply to new observation data, and so a
forecast can be obtained in a fraction of a second. The
training process may take much longer, but that would
be done in advance of a real event.

We note that the size of the training set used here
(959 samples) is relatively modest when compared to
the sizes of datasets typically used for training AE mod-
els in other applications, often on the order of tens of
thousands of samples (LeCun et al, 1998; Li et al, 2017).
We expect the results from these models to improve
when applied to a larger dataset. The formulation and
training of these forecast models involved careful con-
siderations based on the authors’ intuition, especially
for the AEs. The architectures were chosen after vari-
ous iterations of similar models with different number
of layers, kernel sizes, activation functions, or latent
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Fig. 15 Randomly generated time series predictions from the VAE models for Realization #1127. Shown here are 100 different
time series generated by the probabilistic decoder model, as used to compute the mean time series and the uncertainty bands

in Figure 16.
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Fig. 16 Predicted time series for Realization #1127 using
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Fig. 18 Prediction results using the VAE, as explained in the caption of Figure 6, with the addition of a vertical bar centered
on each test prediction showing 20 for the uncertainty in the prediction, as explained in Section 6.

variable dimensions. Although our experimentation was
fairly extensive, it was by no means exhaustive, and so
it is possible additional adjustments to the models can
result in improvements in performance.

Due to space constraints, we have only shown the
full time series predictions for two sample realizations
from the test data, #1127 from the fakequakes data set
and the L1 event. The website Liu et al (2021) includes
plots of the time series and predictions for all of the
other test problems.

8 Limitations and future research

The results presented here indicate that these machine
learning approaches have the potential to provide ex-
cellent forecasts of maximum tsunami amplitudes, and
even full time series signals, based on relatively little
data at an observation gauge. However, there are po-
tential limitations to this approach and the need for
further research on several topics.
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Fig. 19 Performance comparison of various models using two metrics, explained variance score (EVS) and mean absolute
error over the test set. The EVS is shown increasing downwards since larger values correspond to a better fit. These values
are based on absolute errors and hence are larger at Gauge 901 than at 911. The methods compared are SVM-tsf (support
vector machine with tsfresh features), SVM-raw (support vector machine without tsfresh features), RFR (random forest
regression), DAE (denoising autoencoder) and VAE (variational autoencoder).

We chose a relatively simple forecasting problem for
this initial set of tests, since we know that the tsunami
entering the Salish Sea passes through the Strait of
Juan de Fuca and so a single observation at Gauge 702
may be sufficient. In most tsunami forecasting situa-
tions this would not be the case, and collecting multiple
observations over a region of the ocean would presum-
ably be necessary in order to characterize the tsunami.
The techniques presented in this paper can be easily
extended to incorporate short-time observations from
multiple gauges as the input data, as might be obtained
from a network of seafloor sensors (as already exists on
the coast of Japan, for example), or perhaps from mul-
tiple DART buoys when forecasting distant tsunamis.
We have started to explore these topics and have ob-
tained some promising results that will be presented
elsewhere.

Another potential limitation of this work is that we
have assumed we have good observations of the surface
elevation at the observation gauge. We have not yet ex-
plored the robustness of these techniques to noisy ob-
servations. Moreover, at locations near the earthquake
source, the sea surface elevation is difficult to measure
directly from ocean bottom pressure sensors; the acous-
tic noise generated by the seismic motion can be or-

ders of magnitude larger in amplitude than the changes
in hydrostatic pressure that are used to estimate sea
surface motion; see e.g. Levin and Nosov (2016); LeV-
eque et al (2018). For nearshore locations like gauge
702 there are potentially other ways to measure surface
elevation directly, e.g. high-frequency radar (e.g. Grilli
et al (2016)) or GNSS buoys (e.g. Kato et al (2018)).
Another possibility is to incorporate other data streams
into the observations, such as ocean bottom pressure di-
rectly, or seismic waveforms from multiple stations, and
train the algorithm using this form of data from each
hypothetical realization.

In this work we have only tried to forecast time se-
ries at gauges. We believe that the same approach can
also be applied to predicting two-dimensional maps of
maximum onshore inundation over a community of in-
terest, by training the algorithm using such maps from
each realization, and we plan to also explore this in the
future.
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