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Deep Learning for Predicting Significant Wave
Height From Synthetic Aperture Radar

Brandon Quach™, Yannik Glaser™, Justin Edward Stopa™, Alexis Aurélicn Mouche™, and Peter Sadowski

et T yrrigeetine e g
aperture radars (SARs) provide nearglobal coverage of the
world’s oceans every six days. We curate a data set of collocations
between SAR and allimeter satelites and investigate the use of
decp bearning to predict significant wave height from SAR. While
previous models for predicting geophysical quantities from SAR
iy oo vn fdere-nglbuaciag, o pervach lodens iy
from low-level inmage cross-spectra. collocations from
2015 to 2017, we demmonstrate on fest dta from 2018 that deop
learning reduces the state-of-the-art root mean squared error
by 50%, from 0.6 0 0.3 m when compared to altimeter data.
Furthermore, we isolate the contributions of different features to
the model performance.

Index Terms—CWAVE, decp learning, machine lcarning,
neural networks, Sentinel-1, significant wave height, synthetic
aperture radar (SAR).

1. INTRODUCTION
YNTHETIC aperture radar (SAR) enables us to measure
submesoscale phenomena with unprecedented coverage,
resolution, and frequency. By measuring the backscatter from
the ocean surface, SAR caplurcs information about ocean
swells and sca surface roughness at high spatial resolutions
(<10 m) [1}, from which many occanic, and

sea stales in extra-tropical and tropical cyclones [8]-{10].
A geophysical quantity of particular interest is the n’gnijkunl
wave height, Hy, defined as the mean of the
wave height distribution, and cstimating Hy from SAR m
immediate practical uses in alerting ships (o dangerously large
waves. Traditional “inverse” algorithms for inferring H, from
SAR are slow and perform poorly in windy conditions typical
of most storms [11], [12] because of the complex noalinear
mechanism involved in the image synihesis when obscrving
moving scenes. As a result, several recent studies have focused
on data-driven statistical models [8-{101, [13].

Previous data-driven approaches for predicting [, from
SAR used small data sets of buoy observations as tarpets
for training (<5000 examples) [14]-{16], or sumerical mod-
els of global wave generation such as WAVEWATCH3 [8],
Im] [13], [17]. The current state-of-the-art method uses a

ork trained on the latter, and predicts H, with
l)6m root mean squared error (RMSE) [10]. However, the
WAVEWATCHS3 targets are only an estimate of Hy and are
known (o be unreliable in high sea states [18]-{20].

Furthermore, the neural nctwork in 110] relies oa
reduced on of the modulati

biologic phenomeaa can be ideatified [2]. The two Scatincl-
1 salellites of the Furopean Space Agency (ESA) lake regular
SAR measurements of the ocean surface, logether covering the
entire globe every six days [3], and have already accumulaied
more than 600 TB of level-1 (L1) wave mode data. However,
in order to take full advantage of this technology and the tor-
rent of data being produced, new methods are ded

p
of 22 engincered features known as CWAVE: 13 Such
dimensionality-reduction methods can be very useful, but
often come al the cost of discarding relevant information.
We hypothesize that the SAR image modulation spectra con-
tins additional information about Hy that is lost by the
CWAVE dimensionality-roduction step. We propose o leam

useful information from the high-dimensional measurements.

Sea state information extracted from SAR has been instru
mental in understanding swell decay [1], [4], 5], improviag
swell propagadion in aumerica muxm 16], and predicting
swell amplitude: into numer
ical models [7]. w\n can also hc herygestickigionan
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the relevant deep leam-
ing with artificial neural networks, similar to what has been
done in other fickds from compater vision [21] o high-enerey
physics [22}-{24].

In this work, we address both limitations of current data
driven 1], prediction models. First, we curate 3 data set
containing direct observations of ocean wave heights by iden
tifying. 750,000 collocations of SAR and altimeter satellites.
Second, we train a statistical model 1o extract information
directly from low-level SAR image spectra using deep lear
ing. Finally, we analyze the importance of the different inputs
10 this model, and its performance in different setings.

1L DATA AND METHODS

A. Sensors, Collocations and Preprocessing
Our first contribution is a data set of historical measure-
meats from (wo types of polar-orbiting satellitcs: Scntincl-1
SAR satcllites and altimeter satellites. Becausc the satel-
lites are in diflereat orbits, their paths intersect, providing
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Fig. 3. DNN architecture with two input types. (Top) SAR image spect
comprising one real and one imaginary channel. (Bottom) 32 scalar-value
features. The SAR images are processed by multiple 2-D convolution laye
before the two branches of the network are combined by three dense layers
at the output. We predict H, in this work, but we expect that the same model
architecture could be used to predict other sea stalc parameters given an
adequate training data set.

&)L0D(

Fig. 7. Comparison of test predictions against (Left) altimeter collocations and (Right) buoy collocations. (a) and (b) Scatter plots of predictions versus
measurements. (¢) and (d) Plots of prediction RMSE versus measured H,, with ervor bars showing the standard deviation, (¢) and () Histograms of measured
H; where the data count is given in black text. In the top panels, the color denotes data density in 0.1-m bins, solid red lines represent a least square linear
regression, and the dashed lines represent 904 of the data. The black contours represent 50%, 75%, and 95% of the data (inner 10 ouoter) and the gray dots
represent the quantile-quantile points for 19, 10%, 50%. 90%. 95%. 99%. and 99.9%.
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