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New approaches are applied to study ocean surface wave dynamics in hurricanes and the

coastal Arctic. In hurricanes, arrays of drifting buoys and airborne radar are used to characterize

the wind speed dependence and spatial distribution of ocean surface roughness caused by waves.

Hurricane-generated waves, and the drag imparted by their roughness, contribute to coastal

flooding, cause infrastructure damage, and modify exchanges of momentum and heat between

the atmosphere and ocean—important controls on storm intensification offshore. In the coastal

Arctic, a novel method called Distributed Acoustic Sensing is combined with machine learning to

measure waves from a submarine fiber-optic cable offshore of Oliktok Point, Alaska. This system

can be used for the subsequent study of wave-ice interactions and to monitor wave action in

regions susceptible to coastal change. Both approaches leverage innovative, low-cost sensing

modalities to measure waves in hard-to-reach environments with exceptional spatial resolution.

These measurements enhance our ability to understand, monitor, and predict the impacts of the

ocean on coastlines.

Drifting buoy observations in hurricanes Ian (2022) and Fiona (2022) are merged with modeled

surface wind speeds to determine the evolution of wave slope at high wind speeds. Wave slope

is quantified using the mean square slope, which is commonly used as proxy for ocean surface

roughness. At low-to-moderate wind speeds (≤ 15 m s-1), slopes increase linearly with wind



speed. At higher winds (> 15 m s-1), slopes continue to increase, but at a reduced rate. At extreme

winds (> 30 m s-1), slopes asymptote. The mean square slopes are directly related to the wave

spectral shapes, which over the resolved frequency range (0.03 to 0.5 Hz) are characterized by

an equilibrium tail (𝑓 −4) at moderate winds and a saturation tail (𝑓 −5) at higher winds. The

asymptotic behavior of wave slope as a function of wind speed could contribute to the reduction

of surface drag at high wind speeds.

An airborne radar is then combined with the drifting wave buoys to provide a multiscale view

of hurricane-generated waves. Wave slopes measured by the radar, which include waves 0.2 m

and longer, saturate in a similar manner to the buoy-measured slopes. A method to infer the

shape of the spectral tail from 0.5 Hz to 3 Hz using colocated mean square slope observations from

each instrument is introduced. The method is able to recover the frequency f -5 tail characteristic

of the saturation range expected at these frequencies based on theory.

Next, a dense array of buoy observations in Hurricane Idalia (2023) is used to investigate the

spatial distribution and dependence of mean square slope on wind, wave, and storm characteris-

tics. Inside Hurricane Idalia, buoy-measured mean square slopes have a secondary dependence

on wind-wave alignment: at a given wind speed, slopes are higher where wind and waves are

aligned compared to where wind and waves are crossing. At moderate wind speeds, differences

in mean square slope between aligned and crossing conditions can vary 15% to 20% relative to

their mean. These changes in wave slope may be related to the reported dependence of air-sea

drag coefficient on wind-wave alignment.

Lastly, in the coastal Arctic, two new data-driven models for estimating ocean surface waves

from distributed acoustic sensing (DAS) submarine cable strain rate are developed using super-

vised machine learning. The new models are trained on target data from pressure moorings

at three sites along 27.1 km of cable and are benchmarked against an empirical transfer func-

tion method previously used to estimate waves from DAS. A model which uses convolutional

neural networks to transform frequency-wavenumber spectra to pressure spectra outperforms



the benchmark in wave height and period prediction when evaluated on the cable at Oliktok

Point. Regression-based machine learning is useful for estimating waves from DAS data when

the pressure-strain relationship varies temporally and spatially across different wave conditions.
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Chapter 1

INTRODUCTION

1.1 Overview

Waves drive many important processes at the ocean surface. In hurricanes, waves mediate the

exchange of momentum and enthalpy between the atmosphere and ocean, thereby influencing

storm intensity. At the poles, waves affect the evolution and movement of sea ice, while also

catalyzing coastal change in regions that are highly susceptible to erosion. In both environments,

waves introduce complex dynamics and strong spatial gradients. The observations needed to

capture these dynamics demand innovative methods and collaborative approaches.

Arrays of low-cost, free-drifting wave buoys and an airborne radar system are used to char-

acterize waves beneath hurricanes. The observations provide insight into the evolution and

spatial distribution of ocean surface roughness caused by the waves. In the coastal Arctic, a

novel method called Distributed Acoustic Sensing is combined with machine learning to esti-

mate waves from a submarine fiber-optic cable primarily used for telecommunications. The cal-

ibrated cable can be used for the subsequent monitoring of coastal wave action and to study

interactions between waves and sea ice. One unifying theme is the use of innovative methods

to measure ocean waves in challenging environments. Another theme is wave measurement at

many locations simultaneously, which improves spatial resolution compared to classic methods

which only measure waves at a single position.
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1.2 Outline

Chapter 1 provides background on relevant research questions which motivate the study of

waves in hurricanes and in the Arctic. New approaches to help tackle these challenges are intro-

duced.

In Chapter 2, drifting wave buoy observations from Hurricanes Ian (2022) and Fiona (2022) are

combined with modeled wind speeds to characterize the dependence of wave slope, as quantified

by the mean square slope, on wind speed up to 54 m s-1. This chapter builds on the pioneering

work of Cox and Munk (1954) and efforts that have followed. It is reproduced from:

Davis, J. R., Thomson, J., Houghton, I. A., Doyle, J. D., Komaromi, W. A., Fairall, C. W.,

Thompson, E. J., and Moskaitis, J. R. Saturation of Ocean Surface Wave Slopes Ob-

served During Hurricanes. Geophysical Research Letters, 50(16), August 2023b. doi:

10.1029/2023GL104139.

In Chapter 3, airborne radar observations in six hurricanes are used to characterize the mean

square slope of shorter waves at high wind speeds (waves with wavelengths on the order of tens

of centimeters, as compared to waves several meters and longer measured by buoys). Radar

data are combined with buoy observations to estimate the shape of the wave spectrum high

frequency tail and further corroborate the findings of Chapter 2. This chapter is reproduced

from proceedings of the 2024 IEEE/OES Thirteenth Current, Waves and Turbulence Measurement

(CWTM):

Davis, J. R., Thomson, J., Butterworth, B. J., Houghton, I. A., Fairall, C., Thompson,

E. J., and De Boer, G. Multiscale measurements of hurricane waves using buoys and

airborne radar. In 2024 IEEE/OES Thirteenth Current, Waves and Turbulence Measure-

ment (CWTM), Wanchese, NC, USA, March 2024a. IEEE. doi: 10.1109/CWTM61020.

2024.10526332.

Chapter 4 builds on Chapters 2–3 by investigating the spatial distribution of mean square slope

within Hurricane Idalia (2023). Analysis focuses on the dependence of mean square slope on the
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alignment of the wind and wave directions, or wind-wave alignment, which has a distinct spatial

pattern within storms. This chapter has been published as:

Davis, J. R., Thomson, J., Houghton, I. A., Fairall, C. W., Butterworth, B. J., Thomp-

son, E. J., De Boer, G., Doyle, J. D., and Moskaitis, J. R. Ocean Surface Wave Slopes

and Wind-Wave Alignment Observed in Hurricane Idalia. Journal of Geophysical

Research: Oceans, 130(2), February 2025. doi: 10.1029/2024JC021814.

Chapter 5 heads north to explore the application of DAS to a submarine fiber-optic cable that

runs offshore of Oliktok Point, Alaska. Supervised machine learning is used to estimate seafloor

pressure, and thus wave elevation, from measurements of along-cable strain. This work is in

preparation for submission to a journal.

Chapter 6 synthesizes and reflects on the key findings of Chapters 2–5. This chapter closes

with suggestions for future research.

1.3 Background and Motivation

Waves in hurricanes

Hurricane-generated waves pose an operational hazard to ships at sea and contribute to infras-

tructure damage at the coast (Kennedy et al., 2011; Duncan et al., 2021). Wave radiation stress

gradients1 produce wave-driven setup, which contributes to compound flooding during storms

(Dietrich et al., 2011). Inside hurricanes, waves control momentum transfer between the at-

mosphere and ocean (Donelan et al., 2012). The rate of momentum transfer, or air-sea drag, is a

crucial parameter in the accurate modeling of both hurricane intensity and storm surge (Davis

et al., 2008). When steep waves break, they generate sea spray which enhances heat transfer at

high wind speeds (Barr et al., 2023).

Despite a reckoning that an accurate understanding and representation of wave-driven dy-

namics is critical to improving hurricane forecasts (Emanuel, 2003), the mechanics and relative

1Pressures induced by waves as they run into shore, which can cause water to pile up on land.
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importance of these processes remains an open question. For several decades, air-sea interac-

tion researchers have observed a stark change in the relationship between air-sea drag and wind

speed both in the field and in the lab (Powell et al., 2003; Donelan, 2004; Curcic and Haus, 2020).

Drag increases monotonically with increasing wind speed until about 25–30 m/s, beyond which

the functional dependence changes. The cause of this change—foam, sea spray, wave breaking, or

all three?—and even the functional dependence on wind speed—saturation or rollover?—continue

to be debated. Much of this uncertainty is due to the difficulty of directly observing these pro-

cesses inside hurricanes.

Chapters 2–4 characterize the ocean surface beneath hurricanes using wave slope. It has

long been theorized that wind stress, and thus the drag coefficient, should depend on wave slope

(e.g., Plant, 1982; Donelan et al., 2012; Janssen and Bidlot, 2023). But how should wave slope be

defined in a broadband ocean? In the slope-based roughness length parameterizations proposed

by Taylor and Yelland (2001), and later by Edson et al. (2013) for use in the popular COARE

algorithm, wave slope is defined as the ratio of significant wave height to the wavelength at

the spectral peak, 𝐻𝑠/𝐿𝑝. This “bulk” slope definition reduces the wave spectrum into a single

representative wave height and wavelength.

An alternative slope definition (the one used here) is the mean square slope, a high-order

moment of the wave energy density spectrum estimated by integration over many frequencies.

While mean square square slope still represents slope as a single value, we hypothesize it is

preferred over 𝐻𝑠/𝐿𝑝 for several reasons: 1) it captures a broader portion of the spectrum; 2) it

emphasizes the spectral “tail”, which includes the short waves theorized to drive stress; and 3)

it is more stable in cases where the wave spectrum has multiple peaks. Interestingly, Taylor and

Yelland (2001) cite earlier work by Anctil and Donelan (1996) as motivation for a slope-based

roughness length parameterization, but they replace the (root) mean square slope metric used

in Ancil and Donelan’s original formulation with 𝐻𝑠/𝐿𝑝. This choice may have been a practical

matter, as both 𝐻𝑠 and 𝐿𝑝 can be estimated without knowledge of the wave spectrum (e.g., from

altimeters, radar, and parametric models). Today, wave spectra are readily available from global

wave models and buoys (both large and small), and mean square slope is widely reported from
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satellites and airborne radar. (Still, care should be taken when calculating mean square slope

from frequency spectra, particularly at high wind speeds where surface-relative platform drift

can affect estimates (Davis et al., 2025).) Donelan continued to promote mean square slope as

an important parameter well into his later work (Donelan et al., 2012; Donelan, 2018). The ideas

proposed in Donelan (2018) are a major inspiration for Chapter 2 (Davis et al., 2023b).

To capture the rapid evolution of waves inside hurricanes, field measurements must be tar-

geted, well-placed, and capable of resolving a broad range of scales. Historically, hurricane waves

were mainly characterized using aircraft- and satellite-based synthetic aperture radar, SAR (e.g.,

King and Shemdin, 1978; Gonzalez et al., 1982). These measurements are well-suited for provid-

ing synoptic views of wave direction and length, however it is challenging to determine wave

height from SAR images (reliable algorithms for estimating bulk parameters, such as significant

wave height, have only recently been developed, Romeiser et al., 2015). Altimeters have been

used to estimate significant wave heights across storms, though these observations are typi-

cally limited to narrow beams below satellite nadir (Tamizi and Young, 2020). Airborne radar

altimeters, including the Scanning Radar Altimeter (SRA) and more recently, the Wide Swath

Radar Altimeter (WSRA), provide estimates of surface roughness (via mean square slope) and

directional wave spectra (Wright et al., 2001; Walsh et al., 2021). These directional spectra are

sufficient to estimate significant wave height and peak wave directions, but the SRA and WSRA

are unable resolve waves shorter than 50 m (∼0.17 Hz) or 80 m (∼0.14 Hz), respectively. Data from

moored wave buoys, including opportunistic observations from existing networks (e.g., Esquivel-

Trava et al., 2015) and observations from strategic deployments (e.g., Collins et al., 2018b), have

provided hurricane spectral wave information across a broader range of frequencies (0.05 to 0.5

Hz), but buoys tend to be sparse and storm crossings are infrequent. In recent decades, the pro-

liferation of air-deployable instruments has enabled targeted data collection in hurricanes (e.g.,

Black et al., 2007). This approach aims to combine the direct measurement capabilities of in situ

instruments, such as buoys, with the synoptic nature of radar. For instance, Schönau et al. (2024)

use observations from drifting wave buoys deployed in Hurricane Michael (2018) to characterize

wave spectra across multiple storm quadrants.
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In this work, arrays of low-cost, free-drifting wave buoys are deployed from aircraft ahead

of hurricanes to measure waves across the entire storm simultaneously. Buoy data are compli-

mented by the WSRA, which flies aboard the “Hurricane Hunter” P-3s. Together, these instru-

ments provide a spatially-dense, multiscale view of waves in hurricanes, supporting new insight

into the evolution of waves at high wind speeds and their spatial heterogeneity within storms.

Davis et al. (2023b) and Davis et al. (2024a), reproduced in Chapters 2 and 3, use these observa-

tions to characterize how ocean surface roughness created by both large, energetic waves and

smaller, steeper waves change with wind speed. Davis et al. (2025), Chapter 4, explores how this

roughness varies within a storm.

1.3.1 NOPP Hurricane Coastal Impacts project

Chapters 2–4 rely on data from the NOPP2 Hurricane Coastal Impacts Project (NHCI) which ran

from 2021 to 2025 (Houghton et al., 2025). The NHCI project was a collaborative effort between

hurricane forecasters, coastal modelers, and field observationalists with the shared goal of im-

proving predictions of coastal flooding, morphologic change, and infrastructure damage caused

by hurricanes. Our team, comprised of researchers from the UW Applied Physics Lab (UW-APL),

Sofar Ocean, and NOAA, was tasked with collecting offshore wave observations. Across three

hurricane seasons, NOPP teams deployed 105 instruments into six hurricanes (Figure 1.1), total-

ing over 4,000 wave observations within 500 km of a hurricane center (about the size of a typical

hurricane). Three types of drifting wave buoys were deployed: microSWIFTs (UW-APL), Spotters

(Sofar Ocean), and Directional Wave Spectra Drifters (Scripps Institution of Oceanography). The

engineering and development of microSWIFT software, hydrodynamics, and air-deploy rigging

were a central focus of the first two years of my PhD (Thomson et al., 2023).

Buoys were deployed 2–3 days ahead of each storm from an NP-3C aircraft operated by the

Naval Research Laboratory’s Scientific Development Squadron (VXS-1). Criteria for deployment

included potential for landfall with risk to life and property. In addition to the data archives

2National Oceanographic Partnership Program
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Figure 1.1: Drifting wave buoys deployed in hurricanes Ian (2022), Idalia (2023), Lee (2023),
Francine (2024), Helene (2024), and Milton (2024). In each map, the position of the hurricane
and drifting wave buoys are shown at the time indicated in the lower right corner. Buoy drift
tracks are solid prior to this time, and are dashed after. Hurricane intensity on the Saffir-Simpson
Hurricane Wind Scale is indicated along the track, and shaded regions represent the extent of
the 34, 50, and 64 knot wind swaths (as reported by NHC). Bathymetry contours are constructed
from the GEBCO grid for the respective year.

published with Chapters 2–4, NHCI data from APL-developed microSWIFTs are published as:

Davis, J., et al. (2025). MicroSWIFT Ocean Surface Wave Data in Hurricane Ian (2022).
Designsafe-CI. https://doi.org/10.17603/DS2-C5G3-X778

Davis, J., et al. (2025). MicroSWIFT Ocean Surface Wave Data in Hurricane Idalia
(2023). Designsafe-CI. https://doi.org/10.17603/DS2-GB5F-7462



8

Davis, J., et al. (2025). MicroSWIFT Ocean Surface Wave Data in Hurricane Lee
(2023). Designsafe-CI. https://doi.org/10.17603/DS2-CPM6-J967

Davis, J., et al. (2025). MicroSWIFT Ocean Surface Wave Data in Hurricane Francine
(2024). Designsafe-CI. https://doi.org/10.17603/DS2-QHT0-9179

Davis, J., et al. (2025). MicroSWIFT Ocean Surface Wave Data in Hurricane Helene
(2024). Designsafe-CI. https://doi.org/10.17603/DS2-E3MN-KQ84

Davis, J., et al. (2025). MicroSWIFT Ocean Surface Wave Data in Hurricane Milton
(2024). Designsafe-CI. https://doi.org/10.17603/DS2-EP26-EK43

Reports summarizing wave observations collected by microSWIFT, Spotter, and DWSD buoys in

each hurricane are published as:

Davis, J. (2025). NHCI Hurricane Ian Buoy Observation Summary. Designsafe-CI.
https://doi.org/10.17603/DS2-KSY4-WX93

Davis, J. (2025). NHCI Hurricane Idalia Buoy Observation Summary. Designsafe-CI.
https://doi.org/10.17603/DS2-H7HK-GM04

Davis, J. (2025). NHCI Hurricane Lee Buoy Observation Summary. Designsafe-CI.
https://doi.org/10.17603/DS2-ZCFR-BN42

Davis, J. (2025). NHCI Hurricane Francine Buoy Observation Summary. Designsafe-
CI. https://doi.org/10.17603/DS2-0HVC-RB73

Davis, J. (2025). NHCI Hurricane Helene Buoy Observation Summary. Designsafe-
CI. https://doi.org/10.17603/DS2-8RQW-ZF92

Davis, J. (2025). NHCI Hurricane Milton Buoy Observation Summary. Designsafe-CI.
https://doi.org/10.17603/DS2-YD5C-TG94

Access to all NHCI-related datasets is documented at:

Moskaitis, J., et al. (2025) NHCI: NOPP Hurricane Coastal Impacts, Designsafe-CI.

https://doi.org/10.17603/DS2-Y6NC-P158

Software and data specific to Chapters 2–4 can be found under the “Open Research” headers

following each chapter’s Conclusions section.

Efforts to compare observations to model predictions (e.g., WAVEWATCH III) are ongoing.

These data (Figure 1.1) likely represent the densest wave observations collected in hurricanes
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to date. We encourage the community to continue using the NHCI datasets to improve our

understanding of hurricane wave dynamics and coastal impacts.

Waves in the Arctic

The wave climate along the Arctic coast is highly variable and seasonably-dependent. The coast is

generally protected from waves by landfast ice3 that forms in the fall during the autumn “freeze-

up” and persists through the winter until the spring “break-out” gives way to open water con-

ditions (Mahoney et al., 2014). A typical cross-shore extent of the landfast ice is 20 km, though

total ice area has been declining (Yu et al., 2014). Landfast ice is not resolved in the global reanal-

ysis products (e.g., ERA5) used to study longer-term coastal erosion processes, which can lead to

substantial bias in wave climate projections (Hošeková et al., 2021). Accurate projections of wave

action at the coast are essential, as long-term erosion rates in the Arctic can be on the order of

tens of meters per year, with some of the highest rates reported in the Beaufort Sea (Gibbs and

Richmond, 2017). During the spring transition period, waves at the coast are limited both by the

availability of fetch and attenuation by landfast ice (Thomson and Rogers, 2014). The eventual

break out is driven by forcing from a variety of mechanical and thermal sources.

To capture and understand sharp gradients and temporal changes of waves in the coastal

Arctic, field measurements must be spatially dense and persistent. Most measurements of waves

near the coast, including waves in the presence of landfast ice, are from point measurements

such as buoys, on-ice motion sensors, bottom pressure moorings, or tripod-mounted acoustic

Doppler current profilers (Sutherland and Rabault, 2016; Hošeková et al., 2020, 2021). Cross-shore

gradients can be determined from adjacent point measurements (e.g., Hošeková et al., 2021).

Synoptic methods, such as airborne lidar, have also been used to measure waves further offshore

in the marginal ice zone (Sutherland et al., 2018). Recently, algorithms for estimating in-ice

directional wave spectra from ICESat-2 altimetry have been developed (Hell and Horvat, 2024).

While moored point measurements benefit from persistence, their spatial density is limited by

3Ice attached to, or grounded near, land.



10

the number of instruments that can be deployed and maintained. Airborne lidar and satellite

altimetry achieve high spatial resolution, but their persistence is limited by flight time or by a

satellite’s revisit period.

Here we combine two emerging technologies in oceanography—distributed acoustic sensing

(DAS) and machine learning—to measure waves from a submarine fiber-optic cable off the coast

of Alaska’s North Slope. Seafloor DAS can transform submarine fiber-optic cables into dense net-

works of cross-shore sensors, and has previously been used to measure ocean currents (Williams

et al., 2022), study wave-ice interactions (Smith et al., 2023), explore nearshore processes (Glover

et al., 2024b), detect tsunamis (Xiao et al., 2024), and more. This high spatial resolution makes

DAS a valuable tool for studying waves in the coastal Arctic, as it can be used to characterize

processes such as wave attenuation and scattering in sea ice. The ability to interrogate a cable for

long time periods enables DAS to capture seasonal variations in these processes (e.g, break-out

versus freeze-up). When combined with the prevalence of existing submarine fiber-optic cables,

typically used for cross-ocean telecommunications, DAS has enormous potential as a persistent

ocean observing technology, particularly in data-scarce regions such as the Arctic.

DAS measures along-cable strain, which can be used as a proxy for seafloor pressure induced

by ocean surface waves. The difficulty of deriving an analytical transformation from strain am-

plitude to pressure amplitude has motivated empirical (or semi-empirical) methods (Smith et al.,

2023; Meulé et al., 2024). Current approaches, however, do not generalize well to cables and

conditions with a nonlinear relationship between pressure and strain. Machine learning-based

models provide a path forward for estimating waves from DAS sites with complex pressure-strain

relationships (Chapter 5).

1.3.2 Distributed Acoustic Sensing at Oliktok Point, Alaska

Chapter 5 uses DAS data collected on a submarine fiber-optic cable offshore of Oliktok Point

in Prudhoe Bay, Alaska. The cable, owned and operated by Quintillion, is primarily used for

telecommunications, providing internet and telephone service to Prudhoe bay. The section of

cable used in this work crosses the continental shelf of the Beaufort Sea along the 150th meridian
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Figure 1.2: Submarine fiber-optic cable (yellow) offshore of Oliktok Point in Prudhoe Bay, Alaska.
The dashed portion of the cable represents the 27.1 km of cable used in this work. The inset map
in the upper left corner shows the site in the context of Alaska and the full Quintillion submarine
cable network.

west, where it terminates at an onshore station in Prudhoe Bay (Figure 1.2). The cable is trenched

approximately 2–4 m into the seabed over this run. One of the cable’s dark fibers4 has been leased

and interrogated by researchers at Sandia National Laboratories since 2021 (Baker and Abbott,

2022). The cable has been interrogated using both DAS and distributed temperature sensing

4Unused fibers originally installed as excess capacity.
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(DTS), and the data have been used to map sea ice coverage (Baker and Abbott, 2022), track ice

edges (Peña Castro et al., 2023), characterize submarine permafrost (Stanciu et al., 2023), and

observe wave-ice interactions (Smith et al., 2023).

Data used in Chapter 5 are DAS strain rate measurements collected in summer 2023. Three

seafloor pressure moorings stationed along the cable, which had earlier been deployed through

the ice in April 2023, provide ground truth estimates of surface wave elevation during this period

(Thomson and Smith, 2024). Hourly pressure spectra measured by these moorings are used as

targets for developing supervised machine learning-based methods to measure waves with DAS.
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Chapter 2

SATURATION OF OCEAN SURFACEWAVE SLOPES OBSERVED
DURING HURRICANES

Abstract: Drifting buoy observations of ocean surface waves in hurricanes are combined with modeled
surface wind speeds. The observations include targeted aerial deployments into Hurricane Ian (2022)
and opportunistic measurements from the Sofar Ocean Spotter global network in Hurricane Fiona (2022).
Analysis focuses on the slope of the waves, as quantified by the spectral mean square slope. At low-to-
moderate wind speeds (≤ 15 m s-1), slopes increase linearly with wind speed. At higher winds (> 15 m
s-1), slopes continue to increase, but at a reduced rate. This trend persists through extreme winds, up
to the highest wind speed in the dataset (54 m s-1). The mean square slopes are directly related to the
wave spectral shapes, which over the resolved frequency range (0.03 to 0.5 Hz) are characterized by an
equilibrium tail (𝑓 −4) at moderate winds and a saturation tail (𝑓 −5) at higher winds. The asymptotic
behavior of wave slope as a function of wind speed could contribute to the reduction of surface drag at
high wind speeds.

2.1 Introduction

The physical slope of ocean surface waves, defined as the ratio of a wave’s height to its length

(𝐻/𝐿) or product of its amplitude and wavenumber (𝑎𝑘), is widely found to play a governing role

in the exchange of momentum at the air-sea interface. Slope is essential in the parameterization

of deep-water breaking processes (Duncan, 1981; Melville, 1994; Drazen et al., 2008; Schwende-

man et al., 2014; Schwendeman and Thomson, 2017, and others) and is theorized to contribute

to the air-sea drag coefficient through modulation of the aerodynamic roughness (Taylor and

Yelland, 2001; Troitskaya et al., 2012; Takagaki et al., 2012, 2016; Donelan, 2018; Lan et al., 2022).

Efforts to characterize slope as a function of wind speed trace back to Cox and Munk (1954), who

used optical measurements of the sun’s glint to measure the distribution of slopes in wind speeds

ranging from 1 to 14 m s-1. This work was followed by an extensive set of satellite radiometer

measurements reported by Bréon and Henriot (2006) up to 12 m s-1, the airborne lidar-based
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measurements of Lenain et al. (2019) from 2 to 13 m s-1, and most recently, the spaceborne mea-

surements of Guérin et al. (2022) and Li et al. (2022) up to 15 m s-1 and 20 m s-1, respectively.

These works universally agree that, in low-to-moderate winds, the mean square of the slope dis-

tribution, or mean square slope, increases linearly with wind speed. Dynamics above 20 m s-1

remain less thoroughly investigated.

The mean square slope (mss) is a metric that quantifies the average steepness of waves over a

range of frequencies or wavenumbers. When estimated from the wave energy density spectrum

(sea surface elevation variance spectrum), it is an integral quantity proportional to the fourth

moment of the spectrum. It can be calculated across any portion (or the entirety) of the spectrum,

and it is closely related to the shape of the spectrum itself. Typically, the actively forced, wind-

driven gravity wave spectra in hurricanes have a single peak followed by a broad spectral “tail”

(Young, 2003). The canonical tail of a wind-driven gravity wave spectrum has two distinct regions:

an equilibrium range and a saturation range (Forristall, 1981; Banner, 1990; Lenain and Melville,

2017). The equilibrium range is defined by a balance of wind input, dissipation from breaking,

and nonlinear energy fluxes. It begins just beyond the peak frequency and is characterized by a

distinct 𝑓 −4 spectral slope in frequency, or 𝑘−5/2 in wavenumber space (Toba, 1973; Phillips, 1985).

At frequencies beyond the equilibrium range, a saturation range exists, where the wind input is

balanced by dissipation from breaking (Forristall, 1981; Banner, 1990; Romero et al., 2012; Lenain

and Melville, 2017). This region is characterized by a spectral slope of 𝑓 −5 (𝑘−3 in wavenumber

space). In the remaining discussion, the “saturation” range will be referred to as the “dissipation”

range to avoid confusion with the use of saturation to describe the wind speed dependence of

mss.

Wave slope and spectral shape, particularly the tail, are closely tied to the wind forcing.

Through the use of a Phillips (1985) analytical expression for spectral energy in the equilibrium

range related to mean square slope, Thomson et al. (2013) demonstrated the feasibility of estimat-

ing wind stress based on wave spectral observations alone. In that work, the equilibrium-derived

estimates of wind speed compare well with observed wind speeds up to 15 m s-1, enabling op-

erational use of the method to derive proxy wind speeds in the Sofar Spotter global network
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(Voermans et al., 2020). However, at higher wind speeds, the dependence of mss remains largely

unexplored, except in models (Donelan, 2018) and in the laboratory (Takagaki et al., 2012, 2016).

The complex nature of hurricane waves has been studied and reported on for over a cen-

tury (Cline, 1920) with the first in situ observations emerging around 1970 (Patterson, 1974;

Whalen and Ochi, 1978, for example). Waves evolve rapidly in hurricanes, especially in fast-

moving storms under which the “extended” or “effective” fetch (King and Shemdin, 1978) and

duration of forcing changes with storm translation speed (Kudryavtsev et al., 2015; Hwang, 2016;

Hwang and Fan, 2017; Hsu et al., 2019; Hell et al., 2021). Wave directions vary dramatically based

on location relative to the center of the storm, with large wind-wave misalignment possible in

the left quadrants (Walsh et al., 2002; Young, 2006; Hwang and Walsh, 2018; Collins et al., 2018a;

Tamizi and Young, 2020; Hsu, 2021a). The interaction of waves and currents can also be signifi-

cant (Yujuan et al., 2018; Hegermiller et al., 2019; Bruciaferri et al., 2021; Sun et al., 2022). Waves,

both breaking and non-breaking, play a substantial role in the exchange of momentum and heat

at the air-sea interface (Holthuijsen et al., 2012; Hsu et al., 2017; Kita and Waseda, 2022). This

literature has lacked an observed relation between wave slopes and wind speeds in hurricanes

that can be used to improve the modeling of surface stress and wave growth in this extreme

environment (Janssen and Bidlot, 2023). These physics are essential for the modeling of tropical

cyclone intensity and coastal inundation.

Here, we use buoy spectral measurements in hurricane winds to study the evolution of wave

slope and spectral shape as a function of modeled wind speed. Section 2.2 describes the deter-

mination of mss from the buoys and describes the coupled model used for surface wind speeds.

Section 2.3 presents the results, and Section 2.4 discusses the implications and relation to other

studies. Section 2.5 concludes.
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2.2 Methods

2.2.1 Mean square slope definition

An estimate of the wave mean square slope can be computed from a frequency spectrum as

(Ticona Rollano et al., 2019, for example),

mss = ∫
𝑓max

𝑓min

(2𝜋𝑓 )4 𝐸(𝑓 )
𝑔2 𝑑𝑓 (2.1)

Here 𝑓 represents the wave frequency, 𝐸(𝑓 ) is the energy density, and 𝑔 is the acceleration of

gravity. This expression is directly proportional to slope squared (𝑎𝑘)2 using the linear dispersion

relationship in the deep water limit, (2𝜋𝑓 )2 = 𝑔𝑘, and with 𝐸(𝑓 ) ∝ 𝑎2. The definite integral

represents an estimate of the mean square slope over a frequency extent defined by its minimum

and maximum frequencies, 𝑓min and 𝑓max. Here, the limits are taken as the lowest and highest

reported frequencies of the spectrum resolvable by the finite-sized wave buoy, 𝑓min = 0.0293 Hz

to 𝑓max = 0.5 Hz in 𝑛 = 38 discrete bands, where the upper limit is set by the hydrodynamic

response of the hull. We emphasize that this mean square slope metric characterizes the shape

and slope contributions of the energetic scales of the spectrum, but cannot account for waves

shorter than approximately 6.3 m in wavelength (see section 2.4.1).

2.2.2 Spotter wave buoy

Wave measurements were collected by free-drifting Spotter buoys (Sofar Ocean) which use GPS-

derived motions to report hourly records of surface wave statistics in the form of scalar energy

spectra and directional moments (Raghukumar et al., 2019). Raw data are collected at a 2.5 Hz

sampling rate and processed into 256-sample FFTs to produce spectral estimates spanning 0.0293

Hz to 0.5 Hz in 38 bins. A constant frequency resolution of 𝑑𝑓 =2.5/256 Hz is used up to 0.33 Hz,

beyond which the resolution is coarsened to 3 ⋅ 𝑑𝑓 to reduce the size of the processed data which

are transmitted hourly over the Iridium network. Observed spectra are corrected for Doppler

shift due to a 1.2% wind slip and Stokes drift, velocity components which cause Spotters to move
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relative to the intrinsic wave reference frame.1 The Doppler shift correction is described in detail

in section 4.2.4 of Chapter 4.

Spotter data is collected through a combination of targeted deployments and opportunistic

measurements from Sofar’s spotter network—a large, persistent array of free-drifting Spotter

buoys (Houghton et al., 2021). The density of the deployed arrays and Sofar’s network help to

overcome the sparsity of moored buoy arrays when targeting hurricanes. The Spotter’s smaller

hull size also has a good response to shorter waves, which can be underestimated by some larger

buoys in the NBDC network (Jensen et al., 2021). The sphere-like hull is 42 cm in diameter with

a mass of 7.5 kg including ballast.

2.2.3 COAMPS-TC model

Surface wind field estimates are derived from real-time operational forecasts made by the U.S.

Naval Research Laboratory’s (NRL) Coupled Ocean-Atmosphere Mesoscale Prediction System

for Tropical Cyclones (COAMPS-TC) (Doyle et al., 2012, 2014). COAMPS-TC is a regional model

which uses an outer fixed grid mesh (36-km horizontal resolution) and two nested storm-following

grid meshes (12- and 4-km resolution) with 40 vertical levels ranging in altitude from 10 m above

the surface to approximately 30 km. When producing real-time operational forecasts, the ver-

sion of COAMPS-TC used in this study utilizes the NOAA Global Forecast System (GFS) analysis

and forecasts for the initial and boundary conditions. For storms that have intensities greater

or equal to 55 knots (28.3 m s-1), the horizontal wind structure at the initial time of the model

is generated from a modified Rankine wind vortex model combined with both physical and syn-

thetic observations ingested from the National Hurricane Center. For time periods when the

storm intensity is less than 55 knots at the initialization time, the initial TC vortex is downscaled

from the NOAA GFS analysis.

Hourly 10-m winds from the inner-most 4-km grid are derived by aggregating successive

forecasts leaving out the first four hours of each forecast to minimize the effect of model state

1Subsequent results differ from those presented in Davis et al. (2023b), which are not Doppler-adjusted.
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Figure 2.1: Buoy locations and storm track for Hurricane Ian (left) and Hurricane Fiona (right).
Storm tracks are colored by intensity, as categorized by the Saffir-Simpson scale, and the sur-
rounding wind swaths are shaded by wind speed threshold. The insets highlight several buoy-
storm interactions using 10-m wind speeds from COAMPS-TC.

adjustments that occur early in each forecast. The 10-m winds are instantaneous values (repre-

sentative of a 1-10 minute average) and gustiness is not resolved. Wind output is interpolated

onto Spotter wave observations to produce wind-wave datasets in Hurricane Fiona (2022) and

Hurricane Ian (2022).

2.2.4 Targeted deployment measurements in Hurricane Ian (2022)

Hurricane Ian was a Category 4 hurricane that caused widespread damage to both Cuba and

the Southeastern United States during late September 2022. Ahead of Ian’s first U.S. landfall

on the Southwest coast of Florida, the continental shelf was seeded with an array of drifting

buoys in a targeted deployment by an NP-3C aircraft (Figure 2.1) operated by Naval squadron

VXS-1. Observations from six Spotter buoys in the array are co-located with wind fields from

COAMPS-TC to create a dataset of 432 hourly wave measurements and modeled wind speeds

from September 27 to 30, 2022. Wave observations span 2 m to 11.8 m significant wave height and
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5 s to 13 s peak period, and mostly lie between the 30 m and 100 m depth contours, approximately

90 km to 275 km offshore (see Appendix, Figure 2.6). The maximum COAMPS-TC wind speed at

the time and location of a Spotter observation is 52.5 m s-1 (117 mph).

2.2.5 Sofar Spotter Network measurements in Hurricane Fiona (2022)

Hurricane Fiona was a destructive hurricane that formed in mid-September 2022 and made land-

fall in Puerto Rico and the Dominican Republic before traveling northward across the Atlantic,

peaking in intensity as a Category 4, then striking Eastern Canada as an extratropical cyclone.

Fiona’s track through the open Atlantic intersected with several buoys in Sofar’s Spotter net-

work. The 2772 hourly observations from 33 Spotters (Figure 2.1) contain measurements up to

17.5 m significant wave height and 20.5 s peak period, with a maximum interpolated model wind

speed of 54.4 m s-1 (122 mph).

2.3 Results

2.3.1 Mean square slope versus wind speed

At low-to-moderate wind speeds (< 15 m s-1), observed mean square slopes have a linear depen-

dence on 10-m surface-level wind speed (Figure 2.2). This result is qualitatively consistent with

the measurements of Cox and Munk (1954) at wind speeds of 2-14 m s-1.

At higher wind speeds (> 15 m s-1), the increases in observed mss are much smaller. This

trend persists through the extent of available buoy data, up to the maximum wind speed of

54.4 m s-1 (122 mph) as modeled by COAMPS-TC. Bin centers shown in Figure 2.2 represent the

mean and standard deviation of mss in each bin. Bins centered on wind speeds [2.5, 5.5, 8.5,

12.5, 17.5, 22.5, 30, 40, 50] m s-1 have mss mean ± standard deviation values of [0.002 ± 0.001,

0.004 ± 0.002, 0.007 ± 0.002, 0.012 ± 0.002, 0.015 ± 0.002, 0.017 ± 0.002, 0.019 ± 0.002, 0.023 ±

0.001, 0.024 ± 0.002]. Lateral uncertainty in the wind speed is estimated using COAMPS-TC 6-h

forecast error relative to the National Hurricane Center best track re-analysis. A 7 m s-1 error

is placed on high wind speeds (≥ 25 m s-1), near the radius of maximum winds, which derives
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Figure 2.2: Spotter mean square slope from wave measurements in Hurricanes Ian and Fiona
as a function of COAMPS-TC 10-m wind speed. Bin centers are the mean mss in each bin, and
vertical error bars are standard deviations. Lateral error bars represent uncertainty in COAMPS-
TC wind speeds.

from the standard deviation of the distribution of COAMPS-TC 6-h intensity errors evaluated

for hundreds of major hurricane forecasts. A 1.2 m s-1 error is used at lower wind speeds (< 25 m

s-1), located in the outer part of the storm, and is estimated from an error distribution created by

shifting the COAMPS-TC forecast on top of the best track position and comparing the updated

wind speed at the buoy’s position to the originally-forecasted wind speed.

Ticona Rollano et al. (2019) observed wave slope saturation with wind speed starting at 11

m s-1 and noted the behavior to be qualitatively similar to the saturation of measured turbulent

dissipation in the ocean surface layer. In wind-wave flume experiments, Troitskaya et al. (2012)

found wave slope to have a tendency toward saturation, which was coincident with saturation of

their lab-measured air-sea drag coefficients above wind speeds of 25 m s-1. The authors attribute
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Figure 2.3: Left panel: mean energy density in 10 m s-1 bins. Bin counts (1-hour spectra) are
labeled inside of the color bar. Center panel: the mean energy spectra compensated by 𝑓 4 (as
energy ⋅𝑓 4) and normalized by their respective maximum value. In such a scaling, 𝑓 −4 trends
collapse to a constant line (as indicated by the correspondingly labeled dashed line). Right panel:
mean energy spectra compensated by 𝑓 5.

the decrease in slope to the “tearing of the wave crests at severe wind conditions.” The University

of Miami Wave Model predicts a similar transition in mean square slopes at high winds (Donelan,

2018). A more complete comparison with other mss results from the literature is given in the

discussion (Sec 2.4.1).

2.3.2 Spectral shape change with wind speed

Mean square slope is a measure of both the physical wave slope (𝑎2𝑘2) as well the wave spectral

shape (i.e., as the fourth moment of the spectrum). The evolution of the observed wave spectra

with wind speed is shown in Figure 2.3 as the mean energy density in 10 m s-1 bins. At low-to-

moderate wind speeds (< 15 m s-1), the spectral tail above 0.10 Hz follows the canonical 𝑓 −4 slope

expected of the equilibrium range (wind input, dissipation from breaking, and nonlinear energy

fluxes in balance).

From 15 to 25 m s-1, the frequency extent of the equilibrium range is shorter and the tail of the

spectrum, from 0.2 Hz onward, transitions to the 𝑓 −5 slope characteristic of the dissipation range

(wind input balanced solely by dissipation). This change is coincident with the weakening of the
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wind speed dependence of mss in Figure 2.2. The equilibrium range (𝑓 −4) continues to narrow

with increasing wind speed, until the spectral tail is almost entirely dominated by the dissipation

range (𝑓 −5) at the most extreme winds (45 to 55 m s-1). For any given total wave energy (or

significant wave height), the change in spectra shape to 𝑓 −5 results in a reduction in mss relative

to an 𝑓 −4 shape with the same total energy. Though much of this energy is contained in lower

frequencies of the spectrum, changes in the high frequency tail have the highest influence on

the mss integral due to the 𝑓 4 dependence of Equation (2.1). Thus, wave heights can continue to

increase with increasing wind speed, while mss saturates. The growth of the peak wavelength as

a function of wind speed is specific to the evolution of a storm, but approaches 200-300 m near

40 m s-1 for both hurricanes (Appendix, Figure 2.9).

The spectral slopes are in general agreement with the large number of hurricane wave obser-

vations collected by Tamizi and Young (2020) which vary from 𝑓 −4 to 𝑓 −5. Observations of the

transition in spectral tail slope from 𝑓 −4 to 𝑓 −5 by Vincent et al. (2019) and Lenain and Melville

(2017) demonstrate the transition frequency (and wavenumber) decreases with increasing wind

speed (in wind speeds up to 20 m s-1). While neither result extends to the extreme, 54 m s-1 wind

speeds observed here, the transition frequency appears to decay exponentially with an apparent

asymptote at 0.30 Hz in the Vincent et al. (2019) data (max winds 20 m s-1).

Spectra with a narrow 𝑓 −4 range and dominant 𝑓 −5 tail are also present in the SWIFT buoy

observations of Schwendeman et al. (2014), consistent with results in Figure 2.3. The authors note

the SWIFT spectra derive from young, highly forced waves (which is the case here) as defined

by the wave age, or the ratio of wave phase speed to the 10-m wind speed. A similar trend is

described in Romero and Melville (2010), who demonstrate a narrowing of the equilibrium range

with decreasing wave age. When binned by wave age, Spotter spectra exhibit the same wave age

dependence (Appendix, Figure 2.5).
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2.4 Discussion

2.4.1 Limitations of wave scales observed by buoys

It is well known that buoys cannot measure waves shorter than a few meters because the hy-

drodynamic response of their hull is limited to frequencies higher than the natural frequency

(typically 0.5-1.0 Hz, see Thomson et al. (2015) for details). At low-to-moderate wind speeds and

wave conditions, a substantial portion of the total mean square slope is supported by shorter

waves only measurable by methods such as lidar (Lenain and Melville, 2017; Lenain et al., 2019)

and polarimetry (Zappa et al., 2008). The buoy mss can be partially corrected by incorporating

empirical parameters into (2.1) which effectively extrapolate the spectra to higher frequencies,

adjusted mss = 𝛼 ∫
𝑓max

𝑓min

(2𝜋𝑓 )4 𝐸(𝑓 )
𝑔2 𝑑𝑓 + 𝛽. (2.2)

The empirical factors 𝛼 and 𝛽 are introduced to account for the mean square slope contributions

of the higher frequency waves not resolvable by the Spotter buoy (i.e., waves shorter than 𝑓max =

0.5 Hz or 6.3 m in wavelength). Fitting 𝛼 in Equation (2.2) to Cox and Munk (1954) over the linear

regime of Figure 2.4 (from 2 to 15 m s-1) yields 𝛼 = 5.0 with an offset of 𝛽=0.011.

In Figure 2.4, adjusted mss (with 𝛼=5.0 and 𝛽=0.011) is compared to the data of Cox and Munk

as well as the slopes modeled by Donelan (2018) using the University of Miami Wave Model. The

Miami wave model includes the full spectrum of gravity, capillary-gravity and capillary waves in

prescribing mss. In all datasets, the transition to a regime with weaker mss dependence on wind

speed is observed near 15 m s-1, corresponding to an approximate mss of 0.08 or tan(16 deg)2 as

identified by Cox and Munk (1954). The adjusted mss and Donelan results are in good agreement

across all wind speeds. The Miami model exhibits a sensitivity to fetch above 30 m s-1 (which

is beyond the scope of the present study). Interestingly, the adjusted buoy mss in Figure 2.4

approaches the upper limit on omnidirectional mean square slope proposed by Plant (1982),

mssmax = 0.08 ± 0.04, or using the upper value, mssmax = 0.12. The limit is proposed based on

requirement that the flux of momentum from wind to waves should not exceed the wind stress



24

Figure 2.4: Adjusted mean square slope, calculated from Equation (2.2) with 𝛼=5.0 and 𝛽=0.011
using wave measurements in Hurricanes Ian and Fiona, as a function of model 10-m wind speed.
The classic field measurements of Cox and Munk (1954) are superimposed along with the Univer-
sity of Miami Wave Model slope estimates at fetches of 4 km and 230 km from Donelan (2018).

for wave growth proportional to (𝑢∗/𝑐)2 (ratio of friction velocity to wave phase speed, squared),

and is employed by Elfouhaily et al. (1997) to vet several candidates for parametric spectra.

While useful for a rough comparison of buoy mss to slopes calculated over larger frequency

extents, there remains large uncertainty in the use of 𝛼 and 𝛽 to correct buoy mss to total mss.

The coefficient 𝛼 is biased when the transition from the equilibrium range to the dissipation

range (Figure 2.3) is well within the frequencies resolvable by the buoy, which occurs around

wind speeds of 15 to 20 m s-1, since the contribution to mss of a saturated portion of the spectrum

is less significant than that of an equilibrium portion of the spectrum (or similarly higher-sloped

portion). An alternative approach is to extend the observed 𝑓 −5 tail, however this would not

capture the evolution of the wave spectrum in the gravity-capillary range (wavelengths less than
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1 m down to several millimeters) which changes shape with increasing wind speed (Zappa et al.,

2008; Laxague et al., 2018). A parametric tail, e.g. Elfouhaily et al. (1997), could be imposed, but

many parameterizations are developed on wind speeds not exceeding 20 m s-1.

In future work, the NOAA Wide Swath Radar Altimeter (WSRA) and Stepped Frequency

Microwave Radiometer (SFMR) instruments are good candidates for producing relevant datasets

of hurricane winds and waves (Walsh et al., 2021; Klotz and Uhlhorn, 2014). The WSRA measures

wave topography (which can be used to compute mss) and SFMR provides a measure of surface

wind speed. Both fly concurrently aboard the NOAA WP-3D aircraft during Hurricane Hunter

missions.

2.4.2 Considerations for free-drifting platforms

A free-drifting, buoy-based observation of wave steepness fundamentally relies on time series

and thus frequency analysis. Doppler shift of the observed wave spectrum can occur when a

measurement platform propels in or against waves (Collins et al., 2017) or when waves pass

through gradients in surface currents (Iyer et al., 2022). At high wind speeds, it is unlikely that

such waves can exist without the presence of a surface currents. While Spotter buoys mostly

make observations in a wave-following, intrinsic reference frame, the surface-relative drift in-

duced by windage (wind slip) can become significant at high wind speeds. Spotter data are thus

corrected for Doppler shift due to both wind slip and stokes drift (see Chapter 4, section 4.2.4).

Future studies should focus on a direct measurement of slope using other technologies.

2.4.3 Implications for surface drag coefficient

The air-sea drag coefficient, which governs the rate of momentum transfer between the air and

ocean surface, depends on the surface roughness length under neutral stability (Charnock, 1955).

Using a groundbreaking set of GPS sonde tropical cyclone field measurements, Powell et al. (2003)

observed a saturation and eventual reduction in both roughness length and drag coefficient at

extreme wind speeds. More recent studies have verified this result and added functional depen-

dencies (e.g., Holthuijsen et al. (2012)). The subsequent adoption of a reduced drag coefficient in
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models has been essential to improving tropical cyclone intensity forecasts (Davis et al., 2008, for

example). The evolution of mean square slope presented here is qualitatively similar, increasing

steadily through moderate winds before leveling-off at higher wind speeds. Taylor and Yelland

(2001) demonstrated the ability of a roughness length scaling based on bulk wave slope (𝐻𝑠/𝐿𝑝,

or the ratio of significant wave height to peak wavelength) to predict observed roughness across

a wide range of datasets, including the open ocean. This bulk steepness is closely related to

mss and shares a tendency to saturate at high wind speeds in our data (Appendix, Figure 2.8).

Takagaki et al. (2012) report a similar 𝐻/𝐿 roughness dependence in the lab. The roughness

length dependence wave slope, combined with the saturation of slopes at high wind speeds ob-

served here, might thus contribute to the reduction of the drag coefficient at hurricane force

wind speeds.

The observed progression of spectral shape can be directly linked to sea-state dependent drag.

Plant (1982) hypothesized a wave growth function proportional to (𝑢∗/𝑐)2 where the friction

velocity 𝑢∗ is a function of the wave energy spectrum within the equilibrium range of the spectral

tail (Phillips, 1985). Here, the 𝑓 −4 equilibrium range narrows rapidly for winds exceeding 25 m s-1

and is replaced by the 𝑓 −5 dissipative range, leading to enhanced wave breaking. In addition to

limiting wave steepness, intense wave breaking promotes the generation of spray, which becomes

increasingly present within a multi-phase surface foam layer and is hypothesized to modulate

the drag coefficient for winds above 30 m s-1 (Holthuijsen et al., 2012; Troitskaya et al., 2016, 2019;

Hwang, 2018, and others). Recently, Lan et al. (2022) achieved notable tropical cyclone model skill

improvement through the use of a roughness parameterization that depends both on sea state

and foam, employing the Taylor and Yelland (2001) slope scaling at low wave ages (<15.2) and

the Drennan et al. (2003) wave age scaling at higher wave ages.

Though a mean square slope integrated to frequencies beyond the buoy observations might

be necessary for a direct relation to the skin friction component of the drag coefficient, the slope

of the waves measured by buoys remains important to the understanding of form drag and pres-

sure work (Kudryavtsev and Makin, 2007; Donelan, 2018, and others). The buoy measurements,

though lacking the very highest frequency waves, include the vast majority of the total energy
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in the wave spectrum. More practically, the buoy measurements are the wave information most

readily available for real-time assimilation into coupled forecast models.

2.4.4 Secondary dependencies of mss at high winds

Although this set of buoy data has been sufficient to determine a parametric relation between

mss and wind speed, it has not been sufficient to determine secondary dependencies. Build-

ing on ideas from the literature, we have tested the residual scatter from a tanh fit to the data

for dependence on storm quadrant (position relative to the center and heading of the storm),

wind-wave alignment, wave age, and storm speed. While none of these tests show a statistically

significant result, there are some possible signals. When viewing the time series of each individ-

ual buoy rather than the aggregated data, the mss values are higher for a given wind speed when

the winds and waves are well-aligned. The alignment dependence would be consistent with for-

mulations for wind-wave growth that utilize the wind stress vector and the wave celerity vector

(Gemmrich et al., 1994). Porchetta et al. (2019) found alignment can improve the parameteriza-

tion of roughness length, observing an increase in roughness with large misalignment, though

the authors report it has almost no effect in young waves. Depth also plays a role in the trans-

formation of waves in shallow water, however spectrograms of relative depth indicate that the

frequencies of interest to mss, 0.10 Hz and above, remain above the deep water limit (Appendix,

Figure 2.6). Dependency on storm quadrant may be obscured by COAMPS-TC track position

errors, though the standard deviation of 6-h track errors (based on hundred of major hurricane

forecasts) is 21 km, likely not large enough to place a buoy at the edge of the eyewall on the

other side of the eye (e.g., Appendix, Figure 2.7)

2.5 Conclusions

Ocean surface wave buoy measurements within two hurricanes show a consistent regime change

in the relation of wave slopes to wind speeds. Up to moderate wind speeds (< 15 m s-1), wave

slopes increase linearly with wind speed, as has been documented in the literature. At higher

wind speeds (15 to 54 m s-1), the rate of mss increase with wind speed is drastically reduced.
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When adjusted to account for mss contributions from shorter waves, the highest mss values are

close a heuristic value of 0.12 proposed by Plant (1982). This mss limit is directly related to the

emergence of an 𝑓 −5 dissipation (saturation) range as the dominant shape of the scalar wave

energy spectra under high wind speeds. The wave slope changes are likely related to changes

in the surface drag coefficient, for which a more comprehensive dataset of mss coincident with

momentum fluxes is needed to evaluate. A larger dataset of wave observations in hurricanes will

be valuable for considering secondary effects, such as dependencies on storm quadrant, wind-

wave alignment, interaction between swell and wind-sea, and storm speed.

Open Research

The wind and wave data originally used in Davis et al. (2023b) are publicly available on Dryad

at https://doi.org/10.5061/dryad.g4f4qrfvb (Davis et al., 2023a). The storm track and

speed data used to test secondary dependencies were sourced from IBTrACS (Knapp et al., 2010a,

2018). Shapefiles of the storm track and wind swaths used in the maps are from the National

Hurricane Center GIS Archive available at https://www.nhc.noaa.gov/gis/.
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Appendix

Figure 2.5: Left panel: mean energy density binned by wave age (bin counts labeled inside color
bar). The wave age is calculated as the ratio of the wave phase speed, at the mean period, to the
10-m wind speed. Bin resolution is increased at low wave ages to highlight the behavior of young
seas. Center panel: mean energy spectra compensated by 𝑓 4 (as energy ⋅𝑓 4) and normalized by
their maximum value. Right panel: mean energy spectra compensated by 𝑓 5.
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Figure 2.6: Upper panel: spectrograms of 𝑘ℎ (product of wavenumber and depth) for each Spotter
in Hurricane Ian. The color bar extent is placed at the deep and shallow water limits such that
values beyond either limit saturates. Lower panel: bathymetry of the Florida shelf. The Spotter
drift tracks are shown in black and the end of each track is marked by a gold symbol. The best
track is shown as a grey line. Elevations (negative depths) are from GEBCO 2023.
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Figure 2.7: Spotter-Ian time series. In the topmost image, the hurricane and Spotter buoy are
shown at the mean time. Their trajectories are shown as a grey line with a black arrow (hurricane
path and direction) and as black dots (hourly buoy positions). The red ‘x’ indicates the end of
the buoy’s trajectory. Where applicable, metrics derived from both the peak and mean periods
are indicated as black dots and green squares, respectively.
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Figure 2.8: Ratio of significant wave height to peak wavelength (bulk steepness, 𝐻𝑠/𝐿𝑝) versus
model wind speed.
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Figure 2.9: Spotter peak wavelength (𝐿𝑝) versus wind speed.
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Chapter 3

MULTISCALE MEASUREMENTS OF HURRICANEWAVES USING
BUOYS AND AIRBORNE RADAR

Abstract: The processes important to hurricane wave generation cover scales from kilometers to cen-
timeters. Within a storm, waves have complex spatial variations that are sensitive to hurricane size,
strength and speed. This makes it challenging to measure the spatial variability of hurricane waves with
any single instrument. To obtain both broad spatial coverage and resolve the full range of wave scales,
we combine arrays of drifting wave buoys with airborne radar altimetry. The microSWIFT (UW-APL)
and Spotter (Sofar) buoys are air-deployed along a given storm track. These buoys resolve the scalar
wave frequency spectrum from 0.05 Hz to 0.5 Hz, which is approximately 600 m to 6 m wavelength (in
deep water). The Wide Swath Radar Altimeter (WSRA) flies into hurricanes aboard the NOAA Hurricane
Hunter P-3 aircraft. The radar altimetry data is processed to produce a 2D directional spectrum from 2.5
km to 80 m wavelength, and the radar backscatter provides an estimate of the mean square slope down to
centimeter wavelengths. We introduce a method to use colocated mean square slope observations from
each instrument to infer the shape of the spectral tail from 0.5 Hz to almost 3 Hz. The method is able to
recover the frequency f-5 tail characteristic of the saturation range expected at these frequencies (based
on theory and measurements in lower wind speeds). We also explore the differences between WSRA and
buoy mean square slopes, which represent the mean square slope of the intermediate wavelength waves
(6 m down to 20 cm). Together, the fusion of these wave measurements provides a multiscale view of the
hurricane-generated waves. These ocean surface waves are critical as drivers of the air-sea coupling that
controls storm evolution and as drivers of coastal impacts by hurricanes.

3.1 Introduction

The ocean surface wave energy spectrum spans wavelengths from kilometers to millimeters. The

tail of the spectrum is important for understanding wave-induced stress (Hwang, 2005; Reichl

et al., 2014; Chen et al., 2020b). The canonical tail of the scalar wave frequency spectrum is

typically described in terms of two distinct regions which have different dynamic balances: the

equilibrium range and the saturation range. The equilibrium range arises due to a balance of

wind input, dissipation from breaking, and nonlinear energy fluxes, and is characterized by an

𝑓 −4 tail in frequency (Toba, 1973; Phillips, 1985). The higher frequency saturation range follows
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the equilibrium range, as marked by a “transition frequency”. Within the saturation range, wind

input is balanced by dissipation from breaking, and the spectrum has an 𝑓 −5 tail which extends

to the high frequency, short gravity waves (Forristall, 1981; Banner, 1990; Lenain and Melville,

2017).

3.1.1 1-D wave spectra in hurricanes

Observations show hurricane wave spectra are mostly unimodal (Young, 2006; Tamizi and Young,

2020), though there are notable exceptions, particularly on the left side of the storm where the

wind-sea and swell are propagating in different directions, resulting in two distinct peaks (Hu

and Chen, 2011). In Tamizi and Young (2020), the authors fit a JONSWAP spectral model to buoy

data and find the spectral tails steepen from 𝑓 −4 to 𝑓 −5 with decreasing wave age (defined as

the ratio of 10-m wind speed to the phase speed at the spectral peak). The mean tail exponent

of all their observations is −4.68. Hwang et al. find substantial scatter in their observed spectral

slopes (between −4 and −5), and instead suggest the treatment of the spectral slope exponent

as a random variable (Hwang et al., 2017). The Gaussian fit to their data has a mean of −4.48

and standard deviation of 0.53. Drifting buoy observations from hurricanes suggest that the

spectral tail is dominated by the 𝑓 −5 saturation range beyond 30 m s-1(Davis et al., 2023b). These

observations do not extend beyond 0.5 Hz (waves shorter than 6 m), such that, in hurricanes, the

shape of 1-D wave spectra at higher frequencies remains an open question.

3.1.2 Mean square slope

The mean square slope (mss) of the ocean surface is a high-order moment of the spectrum which

is closely related to the tail. When resolved down to sufficiently small wavelengths, mss is widely

interpreted as a measure of roughness (Cox and Munk, 1954; Walsh et al., 1998; Hwang, 2005;

Boisot et al., 2015; Li et al., 2022). It has also been suggested that mean square slope is related to

form drag, which can contribute substantially to the total stress (Donelan et al., 2012; Donelan,

2018; Sullivan et al., 2018).
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Mean square slope can be calculated from the wavenumber spectrum as

mss = ∫
𝑘2

𝑘1
𝑘2𝐸(𝑘)d𝑘 (3.1)

where 𝐸(𝑘) is the ocean wave energy spectrum as a function of wavenumber, 𝑘, and 𝑘1 and 𝑘2

define the wavenumber extent over which the spectrum, and thus mss, is resolved. Using the

deep water dispersion relationship, 𝜔2 = 𝑔𝑘, where 𝜔 = 2𝜋𝑓 is angular frequency and 𝑔 is the

acceleration of gravity, wavenumber-based mss (Equation 3.1) can be expressed as a function of

the frequency spectrum

mss =
(2𝜋)4

𝑔2 ∫
𝑓2

𝑓1
𝑓 4𝐸(𝑓 )d𝑓 (3.2)

where 𝐸(𝑓 ) is the wave energy spectrum as a function of frequency, 𝑓 . Mean square slope is

highly sensitive to the scale of the waves and therefore the magnitude varies across instruments

which resolve different wavenumber ranges. It is less sensitive to the lower limit, since long

waves contribute little to the mss magnitude (Lenain and Melville, 2017).

Pioneering work by Cox and Munk Cox and Munk (1954) used photographs of sun glitter

on the ocean surface collected from an airplane to calculate the slope distribution at 12.5 m

wind speeds from 2 m s-1to 14 m s-1. Their results show the distribution of wave slopes is nearly

Gaussian, and that the variance of the distribution, the mss, increases linearly with wind speed.

The optical-nature of their measurements suggest this approaches an estimate of the total mean

square slope (the mss of the wave spectrum down to the smallest waves in the gravity-capillary

and capillary wave regimes). They repeated their experiment in the presence of an oil-slicked

surface, which was found to reduce mss by a factor of 2-3. The slick suppresses wavelengths

shorter than ∼0.3 m (Hwang, 2005). The Cox and Munk mean square slopes have since been

corroborated by modern measurement techniques, e.g., lidar, polarimetry, radar, and satellite-

based radiance (Bréon and Henriot, 2006; Zappa et al., 2008; Lenain et al., 2019; Guérin et al.,

2022). These works agree that mean square slope has a linear dependence on wind speed in

winds less than 20 m s-1.
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3.1.3 Radar-derived mean square slope

Radar-based remote sensing has been used to make estimates of the sea surface slope distribu-

tion for several decades (e.g., Wentz, 1977). Radar are useful for characterizing the surface slope

of smaller waves (centimeter-scale) at high wind speeds, since they can be applied in challenging

conditions such as hurricanes (Walsh et al., 2014; Hwang and Fan, 2018).

Radar backscatter is proportional to the probability density of surface wave slopes from which

the mean square slope can be determined using an optical model (Barrick, 1968; Liu et al., 2000).

The radar-estimated mean square slope depends on the scattering regime (e.g., Bragg scattering

or quasi-specular) and the wavelength resolution is limited by the radar wavelength.

Jackson et al. (1992) estimated mss using Ku-band radar and reported a linear fit as a function

of 10-m wind speed. Their mean square slope estimates are equivalent to Equation 3.1 integrated

from small wavenumbers (large wavelengths) to an upper wavenumber of 63 rad m−1 (0.1 m wave-

length). Observations from Vandemark et al. (2004) using Ka-band radar (upper wavenumber of

250 rad m−1 or 0.02 m wavelength) and Walsh et al. (1998) using the NASA Scanning Radar Al-

timeter at Ku-band have instead reported a logarithmic dependence on wind speed below 15 m

s-1. The logarithmic relationship is in better agreement with the laboratory observations of Wu

(1990) than with those of Cox and Munk. Similarly, a power-law dependence was reported by

Hauser et al. (2008) using C-band radar (upper wavenumber of 51 rad m−1, 0.12 m wavelength)

later supported by Chen et al. (2018).

3.1.4 Observations at higher wind speeds

There are few reported estimates of the high frequency spectral tail (frequencies > 0.5 Hz) or

of the mean square slope beyond wind speeds of 15 to 20 m s-1. The lack of such estimates in

extreme wind speeds has made it challenging to validate the use of spectral wave models, which

require an empirical tail at these frequencies, in hurricanes (Reichl et al., 2014; Chen et al., 2020a).

Global positioning system reflectometry (GPS-R), L-band observations of mean square slope

have been made in hurricanes in wind speeds up to 59 m s-1(Katzberg et al., 2013; Gleason et al.,
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2018; Hwang et al., 2021). The GPS-R mss estimates follow a logarithmic form and represent an

upper wavenumber of approximately 11 rad m−1 (0.57 m). Buoy-based estimates of mss (upper

limit 1 rad m−1, 6.2 m) measured in hurricanes effectively saturate beyond 25 m s-1and can be

described using a tanh relationship up to 54 m s-1(Davis et al., 2023b). Additional, radar-based

high wind characterizations of mean square slope appear to be on the horizon (e.g., KaIA and

CYGNSS) (Sapp et al., 2021; Carreno-Luengo et al., 2021).

Here we combine hurricane wave observations from buoys and airborne radar to characterize

the mean square slope at intermediate wavelengths (6 m to 0.2 m) in high wind speeds. We then

introduce a method to use colocated mss observations to infer the slope of the high-frequency

spectral tail at these wavelengths (approximately 0.5 Hz to 2.8 Hz).

3.2 Methods

3.2.1 Buoys

Hurricane wave buoy observations are from two types of small, free-drifting wave buoys: the

microSWIFT (UW-APL) and Spotter (Sofar). Each uses GPS-derived elevations and velocities to

estimate wave elevation. Every hour, the wave elevations are processed into spectra which are

telemetered through the Iridium satellite network.

The microSWIFT buoy is an expendable wave buoy sized for deployment through the drop-

sonde chute of scientific aircraft (Thomson et al., 2023). The buoy is cylindrical with an 8.9 cm

diameter, 51.0 cm length, and a mass of 2.9 kg. Wave elevation time series collected at a rate of 4

Hz are transformed to spectra using 256 s windows each with 75% overlap. The spectra are then

frequency-merged and output in 42 bins spanning frequencies of 0.05 Hz to 0.5 Hz.

The Sofar Spotter is a sphere-like buoy which is 42 cm in diameter has a mass of 7.5 kg,

including ballast (Raghukumar et al., 2019). When air-deployed, the Spotters are specially rigged

for deployment through an open door (Dorsay et al., 2023b). Raw data are collected at 2.5 Hz

sampling rate and processed into 256-sample FFTs. The final spectra span 0.0293 Hz to 0.5 Hz in

38 bins. A constant frequency resolution of df = 2.5/256 Hz is used up to 0.33 Hz, beyond which
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the resolution is coarsened to 3 df for bandwidth efficiency when transmitting over the Iridium

network.

Data from the full-sized v3 SWIFT buoys were used to evaluate the proposed spectral tail

extrapolation method in moderate conditions. The v3 SWIFTs have a 0.35 m diameter hull and

a 1.25 m draft (Thomson, 2012). Wave spectra are reported at 42 frequency bins (0.01 Hz to 0.05

Hz) from 8-minute time series of wave elevation. Multiple spectra within a comparison period

are averaged, where applicable.

3.2.2 Wide Swath Radar Altimeter

The Wide Swath Radar Altimeter (WSRA) is a 16.15 GHz (Ku-band) radar which flies into hurri-

canes aboard one of the Hurricane Hunter P-3s (Walsh et al., 2014, 2021; PopStefanija et al., 2021).

It uses altimetry to estimate the 2-D directional wavenumber spectrum from 2.5 km wavelength

down to 80 m. The spectra represent an approximately 14 km2 area collected over 50 s and are

corrected for Doppler shift as well as a skewing effect which occurs as the radar scans perpen-

dicular to wave crests.

The WSRA also uses backscatter to estimate mean square slope based on the geometric optics

model, which relates the normalized radar cross section per unit area (𝜎0) to mean square slope

(Barrick, 1968):

𝜎0 =
|𝑅(0°)|2

mss
sec4 𝜃 exp(

− tan2 𝜃
mss ) (3.3)

where |𝑅(0°)|2 is the Fresnel reflection coefficient at normal incidence, 𝜃 is the off-nadir angle, and

mss is the mean square slope. Under this assumption, when the logarithm of 𝜎0 is plotted against

tan2 𝜃, mean square slope is inversely proportional to the slope. In practice, mss is estimated

using a fit through the data (PopStefanija et al., 2021).

For the WSRA, this calculation is restricted to off-nadir angles from 0 deg to 14 deg (where 0

deg is pointing directly down at nadir) such that the scattering remains within the quasi-specular

regime. When determined using this model, the mean square slope estimate is not sensitive to

the calibration of the radar and is likely less sensitive to rain attenuation since all the returns
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Figure 3.1: WSRA mean square slopes compared to those from Cox and Munk (1954) and Jackson
et al. (1992). The black line represents a linear fit to the WSRA data (grey points) from 10 to 20
m s-1. The WSRA mss falls between that of the Jackson et al. (1992) Ku-radar measurements,
rigorously determined to have an upper wavelength of 10 cm, and the “slick” sea surface mea-
surements of Cox and Munk (1954) which extend to 30 cm. Linear fits to the mss data are given
by: mss = 0.003 + 0.00512𝑈12.5 for 𝑈12.5 ∈ [2, 14] m s-1(Cox and Munk, clean), 0.008 + 0.00156𝑈12.5
(Cox and Munk, slick), 0.013 + 0.0023𝑈10 for 𝑈10 ∈ [7, 15] m s-1(Jackson), and 0.013 + 0.0016𝑈10
for 𝑈10 ∈ [10, 20] m s-1(WSRA).

are attenuated by a similar amount. A minor correction is applied to account for the slightly

increased path length further off nadir.

In this scattering regime, the estimated mean square slope represents Equation 3.1 integrated

from approximately the width of the swath (100’s of meters) down to several times the radar

wavelength, 𝜆𝑟 (Jackson et al., 1992). For WSRA, the radar wavelength is 𝜆𝑟 = 1.85 cm. The exact

upper wavelength of most quasi-specular mss measurements, sometimes called the diffraction

limit, is often not well known, and estimates in the literature range from 2 to 10 times 𝜆𝑟 (Jackson

et al., 1992; Vandemark et al., 2004; Hauser et al., 2008). By comparing to prior estimates of
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mean square slope with known extents, we determine that the upper wavelength resolved by

the WSRA is on the order of 0.2 m (20 cm) (Figure 3.1). This corresponds to 10.8 𝜆𝑟 . The upper

limit is sensitive to range of off-nadir angle (which is constant) and possibly wind (Thompson

et al., 2005; Hauser et al., 2008).

3.2.3 Colocated observations

Colocated buoy and WSRA observations are from three datasets. Buoy observations in hurri-

canes are from targeted air deployments into Hurricane Ian (2022) and Hurricane Idalia (2023)

as part of the NOPP Hurricane Coastal Impacts project (NHCI). The microSWIFT and Spotter

buoys intersected with the flight path of the NOAA Hurricane Hunter P-3 carrying the WSRA

(H1 and and I1 planes in Ian and Idalia, respectively). The colocated observations are within a 100

km radius and 90 minutes of one another. Additional data from the Atlantic Tradewind Ocean-

Atmosphere Mesoscale Interaction Campaign (ATOMIC) (2020) are included for evaluation of

the tail extrapolation method at lower wind speeds. The ATOMIC field campaign took place in

the tropical North Atlantic east of Barbados January through February 2020 (Quinn et al., 2020;

Pincus et al., 2021). Several flight tracks from the P-3/WSRA are directly overhead of the SWIFT

drifters.

3.3 Results

3.3.1 WSRA mean square slope versus wind speed

WSRA data from hurricanes Earl (2022), Fiona (2022), Ian (2022), Julia (2022), Idalia (2023), and

Lee (2023) are combined with 10-m wind speed estimates from the stepped frequency microwave

radiometer (SFMR) which flies concurrently aboard the NOAA P-3s (Sapp et al., 2019). The WSRA

data are filtered to remain within limits for aircraft roll (±2.5°), altitude (1000-4000 m), ground-

speed (80-250 m s-1), and rainfall rate (< 50 mm hr-1). Rainfall rate estimates from both the SFMR

and WSRA are used for filtering purposes. SFMR wind speed observations flagged as invalid were

excluded.
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Figure 3.2: WSRA mean square slopes versus SFMR 10-m wind speed, colored by hurricane.
Black diamonds indicate bin-averages from the combined data, and the error bars represent one
standard deviation in each bin.

WSRA mean square slopes measured in all six hurricanes saturate at high wind speeds and,

in many cases, reduce at the highest wind speeds (Figure 3.2). Bin-averages, which include data

from all hurricanes, reach a maximum around 25 m s-1, beyond which they reduce slightly and

then level-off around 35 m s-1. The WSRA mss wind speed dependence is similar to that of the

L-band GPS-R mss summarized in Hwang et al. (2021), though the WSRA mss is higher due to

its higher upper wavenumber (31.4 rad m−1 compared to 11 rad m−1). Deviation from the linear

dependence on wind speed (above 20 m s-1) in the WSRA mss hurricane datasets presented here

and from GPS-R are qualitatively similar to those measured by drifting buoys (Davis et al., 2023b).

3.3.2 Mean square slope at intermediate wavelengths

WSRA mss represents waves with lengths from several hundred meters down to 0.2 m (20 cm).

While the exact lower limit is not well-defined, the extent overlaps with the wavelengths mea-
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Figure 3.3: WSRA mss and buoy mss (left) and their difference (right), which represents waves
from 6 m to 20 cm. The difference is calculated from the bin averaged WSRA mss and buoy mss
(diamonds and circles on the left plot). Data from Vandemark (2004) are shown for comparison
(their Figure 10, “coastal” observations), including the logarithmic fit 0.004 + 0.0093 ln(𝑈10) for
𝑈10 ∈ [1.5, 16.5] m s-1. Lower wind speed WSRA mss observations are required to fit a comparable
logarithmic function to the difference of WSRA mss and buoy mss, however the SFMR does not
produce reliable 𝑈10 estimates at low wind speeds (Sapp et al., 2019). A second-order polynomial
fit is shown: −2.3 ⋅ 10−5𝑈 2

10 + 0.00128𝑈10 + 0.012. for 𝑈10 ∈ [10, 40] m s-1.

sured by buoys, 600 m to 6 m. Assuming the WSRA longer wavelength limit is comparable to

that of the buoy, and that these waves have little contribution to the overall mss, the difference

of the WSRA mss and buoy mss should approximate the mss of waves between 6 m and 0.2 m.

The difference between the mss measurements also saturates with 10-m wind speed (Figure 3.3).

The results agree with a set of similar, yet lower wind speed, observations from Vandemark et al.

(2004) which represent the difference of a Ka-band radar mss (0.02 m lower wavelength) and a

laser altimeter mss (2 m lower wave length) and thus waves from 2 m to 0.02 m. The authors

report a logarithmic fit to their data.
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3.3.3 Spectral tail extrapolation

Buoys measure the energy spectrum in frequency from 0.05 Hz to 0.5 Hz. Since mean square slope

in Equation 3.2 is proportional to the area beneath an 𝐸𝑓 4 spectrum, colocated observations of

WSRA mss and buoy mss, which overlap in frequency extent, can be used to infer information

about the spectral tail beyond 0.5 Hz. In particular, colocated observations of the difference

between WSRA mss and buoy mss (Figure 3.3) can be used to constrain the spectral slope from

0.5 Hz to 2.8 Hz (from 6 m to 0.2 m in deep water).

The difference of the WSRA and buoy mean square slopes is defined as

mss𝛿 = mssWSRA − mssbuoy (3.4)

where mssbuoy is the mean square slope from the integrated buoy spectrum, which cover fre-

Figure 3.4: Extrapolation of the 𝑓 4-compensated buoy spectrum, 𝐸buoy(𝑓 )𝑓 4, with a compensated
tail 𝐸𝛿(𝑓 )𝑓 4 of the form 𝑐𝑓 𝑎. When compensated, the area beneath the spectrum is proportional
to mean square slope, Equation 3.2. The colored bars and shading represent the frequency and
mss extent of the buoy (yellow, hatched), WSRA (orange, hatched), and their difference (blue,
stippled).
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quencies from ∼ 0.05 Hz to 0.5 Hz, and mssWSRA is the quasi-specular WSRA mean square slope

estimate which is assumed to cover ∼ 0.05 Hz to 2.8 Hz.

We seek to extend the buoy spectrum, 𝐸buoy(𝑓 ), with a spectral tail of the form 𝐸𝛿(𝑓 ) = 𝑐𝑓 𝑛

which starts at the end of the buoy spectrum, 𝑓1 = 0.5 Hz, and extends to the frequency of the

smallest wavelength resolved by the WSRA mss, 𝑓2 = 2.8 Hz. Here 𝑐 is a constant and 𝑛 is the

unknown slope exponent. When 𝑓 4-compensated, 𝐸𝛿(𝑓 )𝑓 4 has the form 𝑐𝑓 𝑎 where 𝑎 = 𝑛 + 4

(Figure 3.4). The integral of 𝑐𝑓 𝑎 should be equal to the area determined by the mean square slope

in Equation 3.2,

∫
𝑓2

𝑓1
𝑐𝑓 𝑎𝑑𝑓 =

𝑐
𝑎 + 1 (

𝑓 𝑎+1
2 − 𝑓 𝑎+1

1 ) =
𝑔2

(2𝜋)4
mss𝛿 (3.5)

Since the spectrum must be continuous at 𝑓1, then

𝐸(𝑓1)𝑓 4
1 = 𝑐𝑓 𝑎

1 (3.6)

such that

𝑐 = 𝐸(𝑓1)𝑓 (4−𝑎)
1 (3.7)

Inserting (3.7) into (3.5) results in an equation with one unknown, the exponent 𝑎, which can be

determined by root-finding:

𝐸(𝑓1)
𝑎 + 1

𝑓 (4−𝑎)
1 (𝑓 𝑎+1

2 − 𝑓 𝑎+1
1 ) −

𝑔2

(2𝜋)4
mss𝛿 = 0 (3.8)

Once 𝑎 is found, the form of the regular energy spectrum over this frequency extent is then

𝐸𝛿(𝑓 ) = 𝑐𝑓 𝑛 (3.9)

where 𝑛 = 𝑎 − 4.

This method was applied to 21 sets of colocated WSRA and buoy observations. Since the

WSRA reports mss every minute, all mss observations within a buoy reporting window are used

to obtain mssWSRA. The inferred tail slopes range from 𝑛 = −4.1 to 𝑛 = −5.8, with a mean of
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Figure 3.5: Slope extrapolation example cases from ATOMIC (A), Hurricane Idalia (B), and Hur-
ricane Ian (C). For each case, the top panels show the WSRA and buoy locations and the bottom
panels show the spectra and extrapolated tails. The dashed line represents the 𝐸𝛿(𝑓 ) tail and 𝑛
corresponds to the inferred spectral slope exponent in 𝑐𝑓 𝑛.

𝑛 = −4.8 and a standard deviation of 0.41. Wind speeds vary from 10.5 m s-1to 25.6 m s-1and

buoy-measured significant wave heights span 1.9 m to 6.9 m.

Three examples of the tail extrapolation method, using cases from the ATOMIC campaign

(2020), Hurricane Idalia (2023), and Hurricane Ian (2022), are shown in Figure 3.5. The ATOMIC

case (Figure 3.5A) is in moderate conditions with a mean wind speed of 10.9 m s-1and a buoy-

measured significant wave height of 1.93 m. The largest separation distance is 22.14 km, and

half of the WSRA flight track is directly over the SWIFT. The 1-D WSRA frequency spectrum,

derived from the 2D wavenumber spectrum using the Jacobian to convert wavenumber space

to frequency-direction space (e.g., Barstow et al. (2005)), is shown for comparison. The WSRA
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spectrum is only resolved from 0.025 Hz to 0.14 Hz (2500 m to 80 m), but has similar energy

levels and captures the main peak. The significant wave height reported by the WSRA is 1.79 m,

slightly less than that of the buoy.

The Ian and Idalia cases (Figure 3.5B-C) are characterized by higher wind speeds (22.7 m

s-1and 21.9 m s-1, respectively) and more energetic sea states (buoy significant wave heights of

5.0 m and 6.3 m). There is good agreement in the shape and energy levels of the 1D spectra and

significant wave height between WSRA (5.1 m) and the microSWIFT buoy (5.0 m) in the Ian case.

The mean distance between the observations is 68.64 km. In the Idalia case, however, the WSRA

spectrum has lower overall energy levels and a higher peak frequency than the Spotter buoy. The

WSRA-reported significant wave height (3.3 m) is nearly half that of the buoy (6.3 m). The mean

separation distance, 51.49 km, is lower than in Ian.

3.4 Discussion and Conclusions

The saturation of WSRA mean square slope (wavelengths > 0.2 m) with wind speed in hurricanes

is consistent with the behavior of buoys (> 6 m) (Figures 3.2 and 3.3) (Davis et al., 2023b). The

wind speed at which the WSRA mean square slopes saturate is higher than that of the buoys

(approximately 25-30 m s-1compared to 20 m s-1) which may be due to the evolution of the inter-

mediate wavelengths (6 m to 0.2 m) resolved by the WSRA but not the buoy.

The mss of these intermediate wavelengths is represented by the difference of the WSRA mss

and buoy mss which also ceases to increase beyond 25 m s-1(Figure 3.3). The data are in general

agreement with a set of similar measurements from Vandemark et al. (2004) which are described

by a logarithmic wind speed dependence below 18 m s-1. This suggests it is not only the mss

of the larger waves that saturate at the extreme wind speeds found in hurricanes. Following

the interpretation of mean square slope as a measure of surface roughness, the saturation and

roll-off captured in both the WSRA mss and in the difference between the WSRA mss and buoy

mss is consistent with the qualitatively similar behavior of the sea surface roughness length first

observed by (Powell et al., 2003). The WSRA mss, however, contains slope information that may

be relevant to both form and viscous components of the drag.
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The mean square slope of the intermediate waves can be used to extrapolate the tail of the

buoy spectrum by inferring a constant spectral slope over the frequencies 0.5 Hz to 2.8 Hz. When

the equilibrium-to-saturation transition frequency is higher than 0.5 Hz, the constant spectral

shape assumption does not hold. However the transition frequency decreases with increasing

wind speed (Lenain et al., 2019; Vincent et al., 2019) and is consistently lower than 0.5 Hz beyond

12 m s-1in the data of Vincent et al. (2019).

The mean spectral slope (𝑛 = −4.8) from 21 colocated WSRA-buoy pairs (within 100 km and

90 minutes), as well as the examples from ATOMIC (𝑛 = −4.8), Idalia (𝑛 = −5.1), and Ian (𝑛 =

−4.7) are all close to the canonical 𝑓 −5 tail anticipated at these frequencies. In the ATOMIC

case, there is generally good agreement between the energy levels of the WSRA and buoy 1D

WSRA frequency spectra as well as between the reported significant wave heights (Figure 3.5A).

However the ATOMIC wave conditions were sometimes characterized by two separate wave

systems (swell from the north and wind sea from the east), and it appears the higher frequency

peak was not captured by WSRA. Good agreement is also observed in the Idalia case, though

the wind speed and significant wave height are much higher (22.7 m s-1and 5 m, respectively)

(Figure 3.5B).

There is substantial disagreement between WSRA and buoys in the Ian example (Figure 3.5C).

The WSRA misses the peak and has far lower energy levels, reporting a significant wave height

of only 3.3 m relative to the 6.3 m reported by the buoy. The latter is much more typical of

hurricane waves, and it is unlikely the observations are close enough to the hurricane eye for

a gradient this large to be realistic (Tamizi and Young, 2020). Further, the WSRA observations

are also closer to the hurricane than the buoy. Still, the WSRA mss (0.035) is comparable to the

other two cases and is close to being within a standard deviation of the observations shown in

Figure 3.2. The WSRA mss estimate from the backscatter is upstream of the spectral estimate

in the WSRA processing pipeline and does not require correction for the skewing effect caused

by the waves during altimetry (PopStefanija et al., 2021). This suggests the WSRA mss, and thus

the spectral tail extrapolation method, may still yield reasonable values even when wave height

estimates are inaccurate.
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Despite good agreement with the canonical result, several sources of uncertainty remain. The

exact lower and upper wavenumber limits of the WRSA mss, and whether they may be evolving

with wind speed (e.g. Hauser et al., 2008), are not well-known. Uncertainty may be narrowed

through more careful examination of raw backscatter data to determine the diffraction limit

(upper wavenumber), as was done in Jackson et al. (1992). Errors are introduced by separation

in space and time, as hurricane sea states can have large spatial gradients, and the mss response

time can be well under an hour (Chen et al., 2016). This motivates more carefully colocated wave

buoys and airborne WSRA in future hurricanes.

With reduced error, this method can be used to understand the evolution of the spectral tail

in high winds, and its dependence on factors such as storm size, speed, and strength. A better-

parameterized tail will enable more accurate predictions of stress in models which require a

prescribed tail (Reichl et al., 2014; Chen et al., 2020b).

Data Availability

Wide Swath Radar Altimeter data can be accessed from https://www.prosensing.com/w

sra-level-4-data and the accompanying met data can be downloaded from https://se

b.noaa.gov/pub/acdata/2023/MET/. Spotter and microSWIFT data from Hurricane Ian are

available at https://orcid.org/0000-0001-8623-2141. SWIFT data from ATOMIC are at

https://doi.org/10.5194/essd-13-3281-2021 (Pincus et al., 2021) and WSRA data are

at https://doi.org/10.5194/essd-13-1759-2021 (Quinn et al., 2020). A master archive

of microSWIFT data, which contains data from additional hurricanes, is at https://datadrya

d.org/stash/dataset/doi:10.5061/dryad.jdfn2z3j1.
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Chapter 4

OCEAN SURFACEWAVE SLOPES ANDWIND-WAVE ALIGNMENT
OBSERVED IN HURRICANE IDALIA

Abstract: Drifting buoy observations in Hurricane Idalia (2023) are used to investigate the dependence
of ocean surface wave mean square slope on wind, wave, and storm characteristics. Mean square slope
has a primary dependence on wind speed that is linear at low-to-moderate wind speeds and approaches
saturation at high wind speeds (> 20 m s−1). Inside Hurricane Idalia, buoy-measured mean square slopes
have a secondary dependence on wind-wave alignment: at a given wind speed, slopes are higher where
wind and waves are aligned compared to where wind and waves are crossing. At moderate wind speeds,
differences in mean square slope between aligned and crossing conditions can vary 15% to 20% relative
to their mean. These changes in wave slopes may be related to the reported dependence of air-sea drag
coefficients on wind-wave alignment.

4.1 Introduction

Hurricane-generated ocean surface waves drive the exchange of heat and momentum at the air-

sea interface and also contribute to coastal flooding and erosion. A major mechanism by which

waves influence these processes is through the modulation of air-sea drag. While wind stress

generally increases with wind speed, the rate at which it increases, often described by an air-sea

drag coefficient, is complex and under continued investigation. Growing evidence suggests the

air-sea drag coefficient depends on sea state through wave age (Janssen, 1989; Toba et al., 1990;

Drennan et al., 2003; Edson et al., 2013), wave slope (Taylor and Yelland, 2001; Edson et al., 2013),

and more recently, wind-wave alignment (Holthuijsen et al., 2012; Zhou et al., 2022; Potter et al.,

2022; Chen et al., 2022; Husain et al., 2022; Manzella et al., 2024). This is critical in hurricanes,

since the drag coefficient parameterization used in forecast models influences the simulated

intensity of a hurricane (Emanuel, 2003; Davis et al., 2008).

Inside a hurricane, waves are complex and spatially varying. Characteristics such as wave
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height and direction are asymmetric with respect to the center, and wave growth depends on the

size, strength, and translational speed of a storm (Young, 2003). The largest waves are typically

found on the right side of the hurricane with respect to the direction of translation (in the North-

ern Hemisphere), where the storm and the winds are moving in the same direction as the waves

while they are being generated (Wright et al., 2001; Hu and Chen, 2011; Collins et al., 2018b;

Tamizi and Young, 2020). On the right side of the storm, general alignment of the hurricane’s

motion and winds results in an “extended” (or “moving”) fetch, whereby the waves traveling in

the same direction as the storm remain in the wind for an extended period of time (King and

Shemdin, 1978).

Swell generally propagates outward from the storm center in an “arc” spanning the right-

front, left-front, and left-rear quadrants (King and Shemdin, 1978). The alignment of wind and

long period waves (which eventually become swell) within hurricanes, or wind-wave alignment, is

the subject of some of the earliest research on hurricane waves (Tannehill, 1936; Arakawa, 1954).

Misalignment is typically observed on the left half of the storm, and it is often reported to be

greater in the left-rear quadrant (Tannehill, 1936; Black et al., 2007; Hu and Chen, 2011; Tamizi and

Young, 2020; Schönau et al., 2024). Outward wave propagation in the front of the storm frequently

causes slight misalignment to occur in the right-front quadrant (King and Shemdin, 1978; Hu and

Chen, 2011). Most studies report the closest wind-wave alignment in the right-rear quadrant,

with some suggesting this is due to the sea state in this quadrant being mostly comprised of

locally generated waves, and not previously generated swell which has propagated from another

region of the storm (Arakawa, 1954; Young, 2006; Hu and Chen, 2011; Hwang et al., 2017; Collins

et al., 2018b; Tamizi and Young, 2020). Notable exceptions exist, with some observations showing

alignment to the right-front of the storm and crossing, disorganized wind-waves to the right-

rear (Holthuijsen et al., 2012; Schönau et al., 2024). The alignment of mean wind direction and

dominant wave direction has been shown to have a sinusoidal dependence on azimuth (Hwang

et al., 2017; Kudryavtsev et al., 2021).

One dimensional (i.e., scalar wave energy) frequency spectra inside hurricanes are typically

unimodal, but can be bimodal (or even trimodal), particularly on the left side where wind-sea and
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longer period waves propagate in different directions (Doyle, 2002; Young, 2006; Hu and Chen,

2011; Hwang et al., 2017; Tamizi and Young, 2020; Hsu, 2021b). The high frequency tail of ob-

served hurricane spectra span the range of canonical shapes: in a typical spectrum, the energy

just beyond the spectral peak is expected to decay as the frequency power-law 𝑓 −4 characteristic

of the equilibrium range (wind input balanced by dissipation from breaking and nonlinear energy

fluxes) (Toba, 1973; Phillips, 1985). Beyond this range, the spectrum transitions to an 𝑓 −5 satu-

ration range (wind input is balanced by dissipation from breaking) until frequencies approach

those of gravity-capillary and capillary waves (Forristall, 1981; Banner, 1990; Romero et al., 2012;

Lenain and Melville, 2017). Tamizi and Young (2020) fit their hurricane wave observations from

buoys to a generalized Joint North Sea Wave Project (JONSWAP) spectral model and find the

spectral tail steepens from 𝑓 −4 to 𝑓 −5 with decreasing wave age, where wave age is the ratio of

wave phase speed to wind speed. The mean of their slope exponent observations is −4.68. Drift-

ing buoy observations suggest the tail becomes dominated by the 𝑓 −5 saturation range above

wind speeds of 25 m s−1 at frequencies spanning from the peak frequency to the maximum re-

solved frequency of 0.5 Hz (Davis et al., 2023b). Hwang et al. (2017) find substantial scatter in

their observed spectral slopes (between −4 and −5), and instead suggest the treatment of the

spectral slope exponent as a random variable. The Gaussian fit to their data has a mean of −4.48

and standard deviation of 0.53.

Mean square slope (mss) is an integral quantity closely related to the shape and total energy

of the spectral tail. It is frequently used as an integral metric for model spectral comparisons

(Elfouhaily et al., 1997; Reichl et al., 2014; Romero and Lubana, 2022). When calculated from the

wave spectrum, mss is the second moment in the wavenumber domain:

mss = ∫
𝑘2

𝑘1
𝑘2𝐸(𝑘)𝑑𝑘 (4.1)

where 𝐸(𝑘) is elevation variance spectral density as a function of wavenumber, 𝑘, which is in-

tegrated over limits 𝑘1 and 𝑘2. With energy proportional to wave amplitude, 𝑎, squared, as

𝐸(𝑘) ∼ 𝑎2, Equation 4.1 yields an expression proportional to wave slope characterized by the
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product of amplitude and wavenumber squared, (𝑎𝑘)2. Buoys (and other point measurements)

measure energy in the frequency domain, 𝐸(𝑓 ), thus mss estimates rely on the dispersion rela-

tionship to relate frequency to wavenumber:

(2𝜋𝑓 )2 = 𝑔𝑘 tanh (𝑘ℎ) (4.2)

where 𝑔 is the acceleration of gravity and ℎ is water depth. The quantity 𝑘ℎ is the relative depth,

which determines the effect of depth on wave properties. Equation 4.2 can be used in all water

depths and is valid in the reference frame intrinsic to the waves (see Section 4.2.4). Energy spectra

also need to be transformed from the frequency domain to the wavenumber domain using

𝐸(𝑘) = 𝐸(𝑓 )
𝑑𝑓
𝑑𝑘

(4.3)

where 𝑑𝑓 /𝑑𝑘 = 𝑐𝑔/(2𝜋) is a Jacobian proportional to group velocity, 𝑐𝑔 , calculated using wavenum-

ber and depth (Holthuijsen, 2007). An explicit expression for mss can also be derived by substi-

tuting the deep water limit of the dispersion relation, 𝑘 = (2𝜋𝑓 )2/𝑔 , into Equation 4.1. The 𝑘2

dependence of Equation 4.1 yields an 𝑓 4 dependence in the frequency domain.

The magnitude of mss is sensitive to wavelength (or frequency) extent, thus the magnitude

varies widely across instruments. Optical methods, such as the sun glint measurements of Cox

and Munk (1954), lidar (Lenain et al., 2019), or polarimetry (Zappa et al., 2008), approach esti-

mates of the “total” mean square slope. (Despite broad wavelength coverage, the long and short

wavelength limits of mss estimates from these methods are constrained by field of view and pixel

resolution, respectively.) A total mean square slope is equivalent to Equation 4.1 integrated from

𝑘1 ≃ 0 rad m−1 to 𝑘2 ≃ ∞.

Other methods which resolve mss over a shorter range of wavelengths, such as buoys (Davis

et al., 2023b) and radar (Gleason et al., 2018), have smaller mss. The 𝑘2 dependence of Equation

4.1 weights the tail of the spectrum which contains the high frequency, short wavelength waves.

At low-to-moderate wind speeds and wave conditions, a substantial portion of the total mean
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square slope magnitude is contributed by short waves typically not measurable by buoy and

radar (Lenain and Melville, 2017).

Mean square slope, mss, has a primary dependence on wind speed. Most observations sug-

gest mss, resolved down to wavelengths ranging from several meters to less than a centimeter,

has an approximately linear relationship to wind speed up to 15-20 m s−1 (Cox and Munk, 1954;

Jackson et al., 1992; Bréon and Henriot, 2006; Lenain et al., 2019; Guérin et al., 2022; Davis et al.,

2024a). Other observations have found logarithmic (Wu, 1990; Walsh et al., 1998; Vandemark

et al., 2004; Ross and Dion, 2007) or power-law (Hauser et al., 2008; Chen et al., 2018) relation-

ships over similar wavelengths and wind speeds.

In hurricanes, mss approaches quasi-saturation at high wind speeds as measured by buoys

(Davis et al., 2023b; Shimura et al., 2024) and radar (Katzberg et al., 2013; Gleason et al., 2018;

Hwang et al., 2021; Davis et al., 2024a). L-band GPS reflectometry measurements in hurricanes

(0.57 m minimum wavelength) have a logarithmic dependence on wind speed and increase little

with growing wind speed beyond 25 m s−1 (Hwang et al., 2021). Buoy-based mss estimates (6

m minimum wavelength) measured in hurricanes effectively saturate beyond 25 m s−1 and can

be described using a tanh relationship up to 54 m s−1 (Davis et al., 2023b). Mean square slopes

estimated by the Wide Swath Radar Altimeter (WSRA), a Ku-band radar which flies aboard the

“Hurricane Hunter” P-3s (0.2 m minimum wavelength), are linear up to 20 m s−1, saturate around

25 m s−1, and even reduce slightly at higher wind speeds (Walsh et al., 2014; PopStefanija et al.,

2021; Davis et al., 2024a).

Mean square slope has been shown to have a secondary dependence (variation at a given

wind speed) on atmospheric stability. Hwang and Shemdin (1988) find slopes are lower in sta-

ble conditions, which was also supported by subsequent laser glint measurements (Shaw and

Churnside, 1997). Lenain et al. (2019) were unable to find an mss dependence on atmospheric

stability using the Richardson number, though their observations mostly consisted of neutral to

unstable conditions. Other works have reported a dependence on fetch (Vandemark et al., 2004;

Donelan, 2018), however the modeled mss of Donelan (2018) suggest this dependence is weak

until wind speeds exceed 30 m s−1, beyond which the influence of fetch varies. Vandemark et al.
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(2004) find mss of waves longer than 2-m measured near the coast to be smaller than in the open

ocean, which Sun et al. (2001) had previously attributed to energy transfer from short to long

waves via wave-wave interaction. Close to shore (within 2 km), mss first increases due to shoal-

ing and then decreases drastically due to active breaking in the surf zone (Anctil and Donelan,

1996; Sun et al., 2001). In hurricanes, Hwang and Fan (2018) report that their parametric model

of mss (based on observations) has a secondary dependence on wind field asymmetry, varying

10–15% at a given wind speed and generally increasing as asymmetry grows. Their mss has a

weak secondary dependence on the radius of maximum wind.

The spectral tail, which can be characterized by mss, is closely tied to wind forcing. Within

the 𝑓 −4 equilibrium range, the wind friction velocity is proportional to mss (Plant, 1982; Phillips,

1985). Wave-derived wind stress estimates compare well to direct covariance flux observations in

wind speeds from 5 m s−1 to 15 m s−1 (Thomson et al., 2013). Energy levels in the equilibrium range

can be used to derive proxy wind speeds from measurements of the wave spectrum (Voermans

et al., 2020; Shimura et al., 2022; Mudd et al., 2024). The empirical relationship between mss

and wind speed is frequently used to infer wind speed using satellite mss observations (Clarizia

and Ruf, 2016; Hauser et al., 2017; Gleason et al., 2018) as well as surface buoy mss observations

(Zhong et al., 2022).

When resolved down to sufficiently small wavelengths, mss is widely interpreted as a mea-

sure of roughness (Cox and Munk, 1954; Walsh et al., 1998; Hwang, 2005; Boisot et al., 2015; Li

et al., 2022). The air-sea drag coefficient, which sets the rate of momentum transfer between

the atmosphere and ocean, is often expressed as a function of a roughness length (Charnock,

1955; Edson et al., 2013). Root mean square slope,
√
mss, has previously been used to develop

a roughness length parameterization at moderate conditions in the coastal waters of Lake On-

tario (Anctil and Donelan, 1996). A similar form was adopted by Taylor and Yelland (2001) in

their widely used roughness length parameterization, but with
√
mss replaced by a bulk slope

calculated as the ratio of significant wave height to peak wavelength. Mean square slope also

correlates with wave form drag (Sullivan et al., 2018). Theoretical formulations for form drag

depend on the shape and energy levels within the spectral tail, both of which are captured by
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changes in mss (Donelan et al., 2012; Reichl et al., 2014). At high wind speeds, form drag is the

dominant contributor to total drag (Donelan et al., 2012; Sullivan et al., 2018; Donelan, 2018).

At the high wind speeds found in hurricanes, many observational drag coefficient estimates

begin to saturate around 25 m s−1 to 35 m s−1 (Powell et al., 2003; Donelan, 2004; Black et al.,

2007; Holthuijsen et al., 2012; Takagaki et al., 2012). (The measurements originally presented in

Donelan (2004) have since been revised in Curcic and Haus (2020).) The saturation of drag coef-

ficient with wind speed is qualitatively similar to the dependence of mss on wind speed, which

is generally monotonic but increases little beyond 25 m s−1 (Davis et al., 2023b). The observa-

tions of Powell et al. (2003) and Holthuijsen et al. (2012) suggest drag coefficient reduces at high

wind speeds (> 35 m s−1), however more recent studies have raised concerns about substantial

uncertainty and bias inherent to the dropsonde profile methods used to estimate surface stress

in these prior works (Richter et al., 2016, 2021).

Recent work has demonstrated a dependence of drag coefficient on wind-wave alignment

inside hurricanes. Holthuijsen et al. (2012) find that drag coefficient, estimated from GPS drop-

sonde hurricane wind profiles, is reduced when wind and long-period wave directions are cross-

ing below wind speeds of 25 m s−1, but is significantly enhanced from 30 m s−1 to 50 m s−1 (rel-

ative to aligned and opposing wind and waves). Zhou et al. (2022) estimate drag coefficients in

hurricanes using a combination of upper-ocean current observations and a coupled ocean–wave

model. They report a significant reduction in drag coefficient above 25 m s−1 when wind-wave

alignment exceeds 45 degrees. Large eddy simulations of monochromatic waves, with a wave

age characteristic of tropical cyclones, suggest drag coefficient is reduced when wind-wave align-

ment exceeds 22.5 to 45 degrees (Manzella et al., 2024).

Here, we use wave observations from a densely-populated array of drifting buoys in Hurri-

cane Idalia (2023) to explore the secondary dependencies of mss within hurricanes. Based on the

connection of mss to the spectral tail, we hypothesize mss will have a secondary dependence

on wind-wave alignment in hurricanes that is similar to that of drag. While a related dataset

of wave observations collected in Hurricanes Ian and Fiona (2022) was sufficient to establish a

regime change in the primary wind speed dependence of mss, from linear growth to saturation,
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it was unable to reveal any concrete relationships that explained spread at a given wind speed

(Davis et al., 2023b). This was likely due to the sparsity of simultaneous observations on both

sides of the storm. Understanding variation in mss at a given wind speed may help to explain

changes in the spectral tail and underlying wave field, and thus wave-induced drag within hur-

ricanes. These observations are also useful for wave model validation and improvement within

hurricanes (Reichl et al., 2014).

Section 4.2 provides an overview of the conditions within Hurricane Idalia and describes the

free-drifting wave buoys used to estimate mss and the forecast model used to estimate 10-m

winds. Section 4.3 presents the results, and Section 4.4 connects the results to recent studies

related to the dependence of drag coefficient on wind-wave alignment. Section 4.5 concludes.

Buoy observations used in this work fundamentally measure in the frequency domain, whereas

mss is a spatial property dependent on 𝑘 through Equation 4.1. This necessitates switching be-

tween wavenumber and frequency domains often throughout the methods, results, and discus-

sion. As a general rule, physics will be described in the wavenumber domain (especially as related

to mss) whereas observations will be described in the frequency domain.

4.2 Methods

This section describes wave observations and model-simulated winds in Hurricane Idalia used

to study the dependence of mss on wind-wave alignment in a storm-following reference frame.

We first provide an overview of wind and wave conditions in Hurricane Idalia and the storm’s

meteorological characteristics. Next, we describe specifications of the microSWIFT and Spotter

buoys and their spectral processing methods, followed by details on buoy mss calculation and a

surface drift Doppler adjustment applied to remove the effect of windage on Spotter mss esti-

mates. We then describe the COAMPS-TC model used to produce wind fields and the process of

transforming the buoys into a storm-following reference frame based on the model’s forecasts

and ancillary Best Track data. This section concludes with the definition of wind-wave alignment

used throughout the results.
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Figure 4.1: Wave buoys in Hurricane Idalia (2023). The hurricane symbol represents Idalia’s
position at 30 August 0800Z, and markers represent buoy positions at this time. Drift tracks over
a 15-hour period on 30 August, used later to produce storm-following visualizations, are shown
as thin black lines. Track lines are solid up to the position shown (0000Z to 0800Z) and dashed
beyond (0800Z to 1500Z). The Spotter buoy nearest to the storm center (SPOT-30103D), indicated
with a dot at its center, is used in the representative time series shown in Figure 4.2. Idalia’s
intensity on the Saffir-Simpson Hurricane Wind Scale is indicated inside the circles along the
track, and shaded regions represent the extent of the 34 knot, 50 knot, and 64 knot wind swaths.
Bathymetry contours are constructed from the 2023 GEBCO grid. The inset map in the upper
right corner shows Idalia’s track in the larger context of the Florida Gulf coast.

4.2.1 Hurricane Idalia

Hurricane Idalia made landfall as a category 4 hurricane in the Florida Big Bend region on Au-

gust 30, 1145 UTC (Cangialosi and Alaka, 2024). Two days prior, a P-3 aircraft operated by the
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U.S. Naval Research Laboratory’s Scientific Development Squadron (VXS-1) deployed an array

of drifting wave buoys on both sides of the storm’s forecasted path (Figure 4.1). At the time of

Idalia’s closest approach to the buoys, approximately 0800Z on 30 August, the array spanned the

Big Bend coastline with most buoys 50 km to 120 km offshore. Water depth along buoy trajecto-

ries varied within the 10 m to 40 m depth contours, as indicated by the 2023 General Bathymetric

Chart of the Oceans (GEBCO) (GEBCO Bathymetric Compilation Group, 2023). Using a relative

depth metric weighted by energetic wavelengths of the spectrum, 53% of observations are in

intermediate relative depths (𝜋/10 < 𝑘ℎ < 𝜋) and 47% are in deep water (𝑘ℎ ≥ 𝜋). The maxi-

mum significant wave height recorded by the array was 7.5 m at a peak period of 12.8 s, and the

maximum COAMPS-TC 10-m wind speed at a buoy’s location was 52 m s−1 (Figure 4.2a-d).

During the 24-hour period ahead of landfall, Idalia’s translation speed increased from 7 to 11

m s−1, radius of maximum wind (RMW) decreased from 28 to 19 km, and max 1-min averaged,

10-m wind speed intensified from 36 to 50 m s−1 (Figure 4.2e-g). Storm metrics are from the

International Best Track Archive for Climate Stewardship (IBTrACS) (Knapp et al., 2010b; Gahtan

et al., 2024). The Kudryavtsev et al. (2021) criterion for wave trapping, or “resonance” between the

group velocity and storm translation speed, suggests the storm was too slow to reach resonance

on approach to the buoy array until about 06Z on 30 August, beyond which the ratio dropped

below unity (faster than resonance) until landfall (Figure 4.2e). The period of time when the

trapping criterion crosses through unity coincides with the storm’s closest approach to the array.

4.2.2 Wave measurements

Surface wave measurements are from two types of free-drifting buoys: the UW-APL microSWIFT

and the Sofar Spotter. Both buoys use GPS-derived velocities to estimate hourly records of sur-

face wave statistics in the form of scalar energy spectra, 𝐸(𝑓 ), and directional moments, 𝑎1, 𝑏1,

𝑎2, 𝑏2 (Herbers et al., 2012).

The microSWIFT is a small and expendable wave buoy designed for aerial deployment from

the A-sized dropsonde chute of research aircraft (Thomson et al., 2023). The buoy has a 45.7 cm

(18 in) long, 8.9 cm (3.5 in) diameter cylindrical hull and a mass of 2.4 kg. A specialized float
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Figure 4.2: Time series of a representative buoy (SPOT-30103D, dotted in Figure 4.1) and
Idalia’s meteorological metrics over a 36-hour period: (a) COAMPS-TC wind speed; (b) buoy-
measured significant wave height; (c) buoy-measured mean square slope; (d) buoy-measured
energy-weighted wave direction and COAMPS-TC wind direction (at the buoy’s position); (e-g)
storm translation speed, radius of maximum wind, and maximum wind speed (all as reported
by IBTrACS); and (h) Kudryavtsev et al. (2021) trapping criterion (ratio of dimensionless radius
of maximum wind to critical fetch, their Equation 16). Idalia made landfall close to 12Z on 30
August. Wave heights peak as the storm passes closest to buoy. The bold regions correspond to
the time period shown in the storm-following reference frame.
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collar provides additional buoyancy and hydrodynamic damping. In still water, the hull has

3.5 inches of freeboard. Every hour, GPS velocities are sampled at 5 Hz for 30-minutes and are

processed into spectra using 256-s windows with 75% overlap. Each window is high-pass filtered

using a cutoff frequency of 0.04 Hz. After band merging every three adjacent frequencies, the

spectra have 48 degrees of freedom and span 0.0098 Hz to 0.490 Hz in 42 frequency bins. Wave

energy density at the first 39 frequencies is estimated from the horizontal GPS velocities (north-

south and east-west components), while the remaining 3 highest frequencies, which span 0.466

Hz to 0.490 Hz, are estimated from the vertical GPS velocities to prevent motion contamination

from the buoy’s pitch (or roll) natural frequency within these bands. The buoy’s heave natural

frequency, 0.74 Hz, is above the highest reported frequency. Energy density, directional moments,

and the mean geospatial coordinates within the hour are transmitted via Iridium.

The Spotter is a small and versatile solar-powered buoy which is deployed here in a free-

drifting format (Raghukumar et al., 2019). Spotters used in this project were specially rigged for

air-deployment out of the P-3 aircraft’s open door (Dorsay et al., 2023b). The sphere-like hull is

38 cm in diameter with a mass of 5.5 kg. GPS velocities are sampled at 2.5 Hz and are processed

into 256-sample FFTs to produce hourly spectra spanning 0.0293 Hz to 0.5 Hz in 38 frequency

bins. The spectral estimates have a frequency resolution of Δ𝑓 = 2.5/256 Hz up to the 0.33 Hz

bin and a coarser, 3Δ𝑓 resolution above this frequency to reduce the size of the Iridium message.

In addition to wave measurements, Spotter buoys were also equipped with barometers and water

temperature sensors. Spotter wave spectra can be used to derive proxy wind observations from

the equilibrium range of the tail (Dorsay et al., 2023a), however this method is not used in the

current work.

4.2.3 Buoy mean square slope

Mean square slope is estimated using Equations 4.1–4.3 integrated from 𝑘1 = 0.01 rad m−1 to

𝑘2 = 1 rad m−1 (wavelengths from 620 m to 6 m). This corresponds to frequencies from 0.05 Hz

to 0.5 Hz, in deep water. These frequencies contain the high energy gravity waves and typically

include the spectral peak and the start of the tail (in moderate wind conditions). The upper
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limit of 1 rad m−1, or 0.5 Hz, means waves shorter than 6 m cannot be resolved and included

in the mss. Some publications refer to an mss calculated over a truncated frequency range as

a “band-pass” or “low-pass filtered” mss (Hwang, 2005; Chen et al., 2016, for example). Buoy-

resolved mss is a fraction of total mss at moderate wind speeds (approximately 20% relative

to Cox and Munk), but it remains useful as a measure of the steepness and of the shape and

energy level of the equilibrium and early saturation ranges captured within the spectral tail at

these frequencies (Vincent et al., 2019). The Lagrangian nature of free-drifting buoys also means

they measure smoother troughs and sharper crests relative to a fixed Eulerian measurement,

since buoys spend more time in wave crests and less time in troughs (Longuet-Higgins, 1986). A

Lagrangian-measured mss is reduced relative to an Eulerian-measured mss, though this effect

should be order (𝑎𝑘)2 and thus less than 1%.

4.2.4 Surface drift Doppler adjustment

A platform that is moving relative to waves experiences a Doppler shift which causes measure-

ments made in the platform’s observed reference frame to deviate from the reference frame that is

intrinsic to the waves (Collins et al., 2017; Colosi et al., 2023; Amador et al., 2023, and references

therein). Free-drifting buoys are nearly Lagrangian surface-following platforms, however drift

components due to Stokes drift and windage (i.e., wind slip) can cause buoys to move relative

to the intrinsic wave reference frame (Iyer et al., 2022). The dispersion relationship used to con-

nect frequency domain to wavenumber domain (Equation 4.2) is valid in the intrinsic reference

frame, thus observed spectra are adjusted to the intrinsic frame prior to computing mss (Figure

4.3). For spectral wave measurements made in time, the Doppler shift manifests as a modulation

in frequency. Frequencies in the observed reference frame are mapped to frequencies in the the

intrinsic reference frame as

𝑓in = 𝑓ob +
𝑈𝑘 cos(𝜃𝑟)

2𝜋
(4.4)

where 𝑓in is frequency in the intrinsic reference frame, 𝑓ob is frequency in the observed refer-

ence frame, 𝑘 is the magnitude of the wavenumber vector (which is invariant between reference
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frames), 𝑈 is the platform’s speed, and 𝜃𝑟 is the relative heading of the platform with respect to

the waves. After mapping the frequencies, the Jacobian, 𝑑𝑓ob/𝑑𝑓in, is used to map the observed

energy spectrum to the intrinsic reference frame

𝐸in(𝑓in) = 𝐸ob(𝑓ob)
𝑑𝑓ob
𝑑𝑓in

(4.5)

where 𝐸in and 𝐸ob are the intrinsic and observed elevation variance spectra, respectively. Equa-

tion 4.5 is required to conserve variance and can be estimated using finite differencing (Collins

et al., 2017). Following previous Doppler adjustment procedures, the deep water linear disper-

sion relationship, 𝑓in =
√
𝑔𝑘/(2𝜋), is used with Equation 4.4 to obtain a quadratic equation in 𝑘.

The observed frequencies are then mapped to intrinsic frequencies considering ambiguities and

limits discussed in Collins et al. (2017) and Colosi et al. (2023). The Doppler shift experienced in

the observed reference frame is typically largest at high frequencies (high 𝑘). While the effect

on low-order moments (e.g., significant wave height) can be minimal, differences in high-order

moments between observed and intrinsic reference frames can be large.

Spotter drift relative to the surface is due to a small amount of windage (i.e., wind slip) and

surface Stokes drift. MicroSWIFTs have minimal wind slip due to their low freeboard, thus any

surface-relative drift is assumed to be due to Stokes drift. Spotter wind slip is estimated by

comparing to microSWIFT buoys within the dataset, after removing Stokes drift contributions

from the mean drift speed derived from hourly GPS fixes for both buoys. Across all wind speeds

in the dataset, microSWIFTs have a mean drift-to-wind-speed ratio of 3.0%, which is the rule of

thumb for ocean surface drift speed as 3% of the 10-m wind speed (Samelson, 2022). The mean

drift-to-wind-speed ratio of the Spotters is 4.2%, which suggests the 1.2% difference is due to

wind slip. This is close to the 1% wind slip estimated for the Spotter in Houghton et al. (2021)

and the 1.09% mean wind slip for the similar full-sized SWIFT v4 (Iyer et al., 2022). The drift-

to-wind-speed ratio for each buoy varies with wind speed, though the 1.2% difference remains

nearly constant. Surface Stokes drift is calculated from the spectral integral form for intermediate

water depths. The upper frequency of 0.5 Hz may result in an underestimation of the Stokes
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Figure 4.3: Comparison of intrinsic (Doppler shift adjusted) and observed energy spectra in 35
m s−1 winds. After adjustment for Doppler shift due to both wind slip and Stokes drift, Spotter
mss calculated from the spectra shown here increased by 31%, from 0.016 (observed) to 0.021
(intrinsic). The intrinsic spectrum reported by a nearby (33 km away) microSWIFT, adjusted
only for Stokes drift, is shown for comparison. In contrast, microSWIFT mss increased only 10%,
from 0.020 (observed, not shown) to 0.022 (intrinsic). At this time instance, the percent difference
between the Spotter and microSWIFT slopes reduced from 22% (observed) to 5% (intrinsic).

drift (Lenain and Pizzo, 2020), however contributions from Stokes drifts are minor relative to

contributions from windage.

Platform speed relative to the surface, 𝑈 , is set to the magnitude of the wind slip and surface

Stokes drift vector sum. The relative heading of the platform with respect to waves, 𝜃𝑟 in Equation

4.4, is determined using a wave direction estimated from the buoy’s directional moments and

the surface-relative drift direction

𝜃𝑟(𝑓 ) = 𝜃wave(𝑓 ) − 𝜃drift (4.6)

here 𝜃wave is a smoothed, frequency-dependent wave direction calculated from energy-weighted

directional moments, 𝑎1(𝑓 ) and 𝑏1(𝑓 ), in sliding windows of 7 frequency bands. Surface-relative

drift direction, 𝜃drift, is set to the direction of the Stokes drift and wind slip vector sum. (The

direction of the Stokes drift vector is calculated from buoy directional moments, and the direction
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of the wind slip vector is the direction of the wind.) This direction is generally aligned with the

mean drift estimated from hourly GPS fixes. Both 𝜃wave and 𝜃drift are in the “going to” convention.

The Doppler adjustment procedure relies on the validity of the deep water dispersion limit

and the assumption that effects of current shear are minimal. While longer waves in the spec-

trum are in intermediate water depths for more than half of the observations in the dataset,

all observations have an mss-weighted relative depth that indicates shorter waves are in deep

water. These correspond to the high frequencies which determine mss and are subject to the

largest Doppler shift, such that the deep water assumption remains valid. These short waves

have a small vertical distribution of wave motion such that they effectively experience surface

currents (Zippel and Thomson, 2017).

4.2.5 COAMPS-TC surface winds

Surface wind estimates are from real-time operational forecasts of Hurricane Idalia made by

the U.S. Naval Research Laboratory’s (NRL) Coupled Ocean-Atmosphere Mesoscale Prediction

System for Tropical Cyclones (COAMPS-TC) (Doyle et al., 2012, 2014). Real-time COAMPS-TC

forecasts use a nested grid system with initial and boundary conditions from the NOAA Global

Forecast System (GFS). When initial storm intensity is greater than 28.3 m s−1 (55 knots), the

initial horizontal wind structure is generated from a modified Rankine wind vortex based on

physical and synthetic observations from the National Hurricane Center. Below this intensity,

the initial vortex is downscaled from the NOAA GFS analysis.

Surface winds (10-m reference height) from the inner-most 4-km grid are aggregated from

sequential short-range real-time operational forecasts to produce “reforecast” wind fields. The

first hour of each forecast is omitted to minimize the effect of model state adjustments that

occur early in each forecast. Lead times of successive forecasts span 1 to 6 hours. Reforecast

fields are adjusted from original operational forecast fields such that the maximum 10-m wind

speed matches the NHC final Best Track intensity and the minimum sea-level pressure matches

the NHC final Best Track minimum sea-level pressure. Surface winds, output every 15 minutes

starting at the top of each hour, are interpolated onto wave buoy observations using bilinear
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interpolation in space and time.

Hurricane Idalia COAMPS-TC wind speeds are validated using Stepped Frequency Microwave

Radiometer (SFMR) observations collected from 29 August to 30 August. The distribution of

COAMPS-TC wind speed errors, created from 𝑛 = 1, 289 comparisons, has an estimated bias of

2 m s−1 and an error of 6 m s−1 over all wind speeds (see Appendix B). This error is nearly equiv-

alent to the 7 m s−1 uncertainty used previously in Davis et al. (2023b), estimated by comparing

COAMPS-TC 6-hr intensity errors to the National Hurricane Center Best Track re-analysis across

hundreds of major hurricane forecasts. Error grows as approximately 22% of wind speed. There

is no discernible bias across storm quadrants.

COAMPS-TC wind direction is compared with observations from National Data Buoy Center

(NDBC) Station 42036 moored at (28.501 N, 84.508 W). Station 42036 was approximately 10 km

from Idalia’s center on 30 August 06Z. COAMPS-TC wind direction is estimated to have a bias

of -6 degrees and an error of 19 degrees, as estimated from a distribution of wind direction

differences created from 𝑛 = 282 comparisons to 10-minute observations over 29 August 00Z

to 31 August 00Z (see Appendix B). The validation of COAMPS-TC Wind speed and direction

against SFMR and NDBC Station 42036 is described further in Appendix B.

4.2.6 Storm-following reference frame

The density of buoys in the Hurricane Idalia dataset enables visualization of wave measurements

in a storm-following reference frame (Schönau et al., 2024, for example). To transform observa-

tions into the storm-following reference frame, the hourly position of each buoy relative to the

storm center was determined using Best Track storm positions from IBTrACS. Storm positions

(reported every 3 hours) were interpolated onto buoy observation times and used to compute

northings and eastings relative to the storm center.

During some hours, the COAMPS-TC reforecast track (as determined by the minimum pres-

sure) deviated from the Best Track. Since interpolation of 10-m wind speed at buoy observations

close to the storm center is sensitive to errors in track, COAMPS-TC longitude-latitude grids

were reprojected onto an x-y grid (centered on the storm and measured in meters) using a trans-
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verse Mercator projection. The position of each buoy relative to the IBTrACS Best Track was

then translated onto this grid, and translated positions (now relative to COAMPS-TC) were used

to extract 10-m wind vectors from the model x-y grid. The buoys were sufficiently offshore such

that this adjustment did not translate any of them onto land, which would result in an inaccurate

wind speed.

4.2.7 Definition of wind-wave alignment

Directional alignment between wind and waves (wind-wave alignment) is calculated using COAMPS-

TC 10-m wind direction and bulk wave direction measured by the buoys. A goal of this work is to

understand the influence of longer, energetic waves on mss. Wind-wave alignment is thus cal-

culated using an energy-weighted wave direction from the buoy’s energy-weighted directional

moments (Kuik et al., 1988)

𝜃wave = (270° −
180°
𝜋

arctan2(𝑏1, 𝑎1)) mod 360° (4.7)

where

𝑎1 =
∫ 𝑎1(𝑓 )𝐸(𝑓 )𝑑𝑓

∫ 𝐸(𝑓 )𝑑𝑓
𝑏1 =

∫ 𝑏1(𝑓 )𝐸(𝑓 )𝑑𝑓
∫ 𝐸(𝑓 )𝑑𝑓

(4.8)

and 𝑎1(𝑓 ) and 𝑏1(𝑓 ) are the first two directional moments which represent wave motion along

the N-S and E-W principle axes at each frequency, respectively (Thomson et al., 2018, Appendix).

An energy-weighted direction characterizes a similar region of the spectrum as peak direction,

but it is more stable in cases when there is not a well-defined peak, or when there are multiple

peaks. Wind-wave alignment is defined here as the smallest angle resulting from a difference
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between the wind and wave directions

Δ𝜃 =

⎧⎪⎪⎪⎪⎪⎪
⎨⎪⎪⎪⎪⎪⎪⎩

𝜃wind − 𝜃wave, if − 180° ≤ 𝜃wind − 𝜃wave ≤ 180°

𝜃wind − 𝜃wave − 360°, if 𝜃wind − 𝜃wave > 180°

𝜃wind − 𝜃wave + 360°, if 𝜃wind − 𝜃wave < −180°

(4.9)

or more concisely as

Δ𝜃 = (𝜃wind − 𝜃wave + 180° mod 360°) − 180° (4.10)

where 𝜃wind and 𝜃wave are in the “going to” convention and mod is the modulo operation. This

definition ensures, for example, that wind heading towards 0° (north) and waves heading to

270° (west) results in an alignment of 90° and not −270°. Signed wind-wave alignment is ∈

[−180°, 180°]. Wind-wave alignment can also be thought of as the wave heading relative to wind

direction.

4.3 Results

4.3.1 Spatial distribution of wind and waves

Observations from the array over a 15-hour period, from 00:00Z to 15:00Z on 30 August, are

transformed into a storm-following reference frame to visualize their spatial distribution within

Idalia (this time period is emboldened in Figure 4.2). Buoy positions (1-hour apart) are normalized

by the storm’s radius of maximum wind, which is nearly constant at 18.5 km (10 nmi) over the

period (Figure 4.2f). The 34-knot and 50-knot 10-m wind speed swaths, as indicated by COAMPS-

TC and the Best Track wind radii, extend further to the right side of the storm (Figure 4.4a).

Buoy-measured mss is generally highest closest to the storm center due to the dependence of

mss on wind speed (Figure 4.4b).

The absolute wind-wave alignment (|Δ𝜃| ∈ [0°, 180°]) is smallest to the right and rear of the

storm’s center (Figure 4.4c). Wind and waves are less aligned towards the right-front, and are
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Figure 4.4: (a) COAMPS-TC 10-m wind speed, (b) mean square slope, and (c) absolute wind-wave
alignment in a storm-following reference frame over a 15-hour period in Hurricane Idalia (2023).
The initial position of each buoy is indicated by the markers with subsequent observations each
spaced an hour apart. The storm center (minimum pressure) is at (0, 0), and the storm heading is
always in the direction of the y-axis (up). All distances are normalized by the radius of maximum
wind (RMW) at each observation time. The concentric rings provide a visualization of the spatial
structure of the storm and represent the approximate extent of 34 knot (17.5 m s−1) tropical storm
force, 50 knot (25.7 m s−1) storm force, and 64 knot (32.9 m s−1) hurricane force winds from the
NHC Best Track. The rings are drawn by connecting the radii at each wind speed (reported for
each quadrant and averaged over the 15 hour period) with arcs.

the least aligned on the left side of the storm, with most observations on the left side spanning

90° to 135° alignment. Wind-wave alignment can be categorized using definitions proposed by

Holthuijsen et al. (2012) and used to describe regions in which long period waves and locally-

generated short period waves, and thus the wind direction, are aligned, crossing, or opposing:

• aligned : long period waves traveling within 45° of the wind; |Δ𝜃| ∈ [0°, 45°]

• crossing: long period waves traveling within 45° from the normal to the wind; |Δ𝜃| ∈
(45°, 135°]

• opposing: long period waves traveling within 45° from the opposing wind direction; |Δ𝜃| ∈
(135°, 180°]

(Note that “aligned” has been renamed from its original category, “following”.)



71

Figure 4.5: (a) Wind-wave alignment categories in the storm-following reference frame and (b)
buoy mean square slope versus COAMPS-TC 10-m wind speed, classified by wind-wave align-
ment using an energy-weighted wave direction. The overall fit, Equation 4.11, is shown in (b).
The legend in the upper left corner of (b) shows the definition of the alignment categories based
on the wave direction (azimuth) relative to the wind direction (black arrow at 0°).

In the storm-following reference frame, the aligned wind and waves are concentrated mostly

in the right-rear quadrant of the storm, extending slightly into the right-front quadrant (Figure

4.5a). The remaining observations surrounding the storm are categorized by crossing wind and

waves. Opposing wind and waves are only observed once, to the rear of the storm and at a

distance of 2 RMW from the center. A distinct spatial structure in wind-wave alignment has

been reported by numerous authors, though the location of the aligned waves varies between

the right-front (Holthuijsen et al., 2012; Schönau et al., 2024) and right-rear quadrant of the storm

(Arakawa, 1954; Hu and Chen, 2011; Tamizi and Young, 2020). In many cases, the use of wind-

wave alignment to describe a hurricane wave field can be more effective than the traditional use

of quadrants (Zhou et al., 2022).
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4.3.2 Dependence of mean square slope on wind-wave alignment

Buoy-derived mss is approximately linear as a function of 10-m wind speed up to 20 m s−1, but

approaches quasi-saturation at the highest wind speeds (Figure 4.5b), as described by Davis et al.

(2023b). A hyperbolic tangent fit to the data is

mss = 𝑎 tanh(𝑏𝑈10) + 𝑐 (4.11)

with 𝑎 = 0.0250 ± 0.0009, 𝑏 = 0.0476 ± 0.0040 (m/s)-1, and 𝑐 = −0.0020 ± 0.0006 where uncertain-

ties represent 95% confidence intervals on the parameters derived from the covariance matrix

estimated during the nonlinear least squares fitting. The root mean square error of the fit is

0.0020. Equation 4.11 is valid for 𝑈10 ∈ [2, 52] m s−1 and for an mss integrated from 𝑘1 = 0.01

rad m−1 to 𝑘2 = 1 rad m−1 (wavelengths from 620 m to 6 m). Despite the asymptotic nature of

tanh as 𝑈10 → ∞, mss at these scales is not expected to asymptote completely, since a spectrum

dominated by the saturation range has a nonzero contribution to mss (though the increase in

slope with wind speed is drastically reduced).

When separated by wind-wave alignment, mean square slopes corresponding to aligned wind

and waves have positive residuals (observations minus fit), generally sorting above the fit for

wind speeds exceeding 5 m s−1. Where wind and waves are crossing, mss tends to lie below the

fit (negative residuals). Individual fits of Equation 4.11 to categorized mss indicate the param-

eter 𝑎 is unique to each category (the remaining parameters are contained within confidence

intervals of the other category’s fit). Treating wind-wave alignment as a categorical variable, a

multivariate fit to the categorized data is

mss(𝑈10, Δ𝜃) = (𝑎 + 𝑎′𝟏aligned(Δ𝜃)) tanh (𝑏𝑈10) + 𝑐 (4.12)

where 𝟏aligned(Δ𝜃) is an indicator function which evaluates to 1 if Δ𝜃 is categorized as “aligned”
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and evaluates to 0 if Δ𝜃 is categorized “crossing” such that

mss(𝑈10, Δ𝜃) =

⎧⎪⎪⎪⎪⎪⎪
⎨⎪⎪⎪⎪⎪⎪⎩

(𝑎 + 𝑎′) tanh (𝑏𝑈10) + 𝑐, 0° ≤ |Δ𝜃| ≤ 45° (aligned)

𝑎 tanh (𝑏𝑈10) + 𝑐, 45° < |Δ𝜃| ≤ 135° (crossing)

not observed 135° < |Δ𝜃| ≤ 180° (opposing)

(4.13)

With 𝑎 = 0.0236 ± 0.0007, 𝑎′ = 0.0037 ± 0.0005, 𝑏 = 0.0502 ± 0.0035 (m/s)-1, and 𝑐 = −0.0028 ±

0.0006 with a root mean square error of 0.0018. The approximate 95% confidence interval on 𝑎′,

[0.0032, 0.0042], does not contain zero, which suggests this parameter, and thus the impact of

alignment on the fit, is statistically significant (Figure 4.9A). Only one observation falls into the

“opposing” wind-wave alignment category such that the behavior of mss within this category is

unknown.

The inverse dependence of mss on wind-wave alignment is strongest on the right side of

the storm and away from the storm center (Figure 4.6). Some observations within a distance of

approximately 2.5 times the RMW (2.5 × 18.5 km, or 46 km) from the center may have high mss,

Figure 4.6: Mean square slope versus absolute wind-wave alignment classified by (a) 10-m wind
speed, (b) azimuth, and (c) RMW-normalized distance relative to the center of the hurricane. The
color map used in (b) is cyclic with red points corresponding to observations on the right side of
the storm and blue points corresponding to observations on the left side.
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even when the wind-wave alignment is large. This is likely because wind and wave directions

can vary rapidly over short distances close to the center of the storm (Holthuijsen et al. (2012)

remove observations inside a 30 km radius for a similar reason). Further from the center, but

still within the radius of 50 knot (25.7 m s−1) winds, mss is 2-3 times higher when the wind and

waves are aligned compared to when the wind and waves crossing (Figure 4.6). The variance in

mss increases with increasing absolute alignment.

4.3.3 Spatial distribution of slope spectra

The dependence of mss on wind-wave alignment suggests energy levels in the spectral tail and

steepness are amplified in certain regions of the storm. The slope spectrum describes the contri-

bution of each wavelength and direction to mss

𝑆(𝑘, 𝜑) = 𝑘2𝐸(𝑘, 𝜑) (4.14)

Where𝜑 is spectral wave direction. To compute slope spectra from buoy observations, directional

energy density spectra, 𝐸(𝑓 , 𝜑), are estimated from the Maximum Shannon Entropy Method

(MEM-II) and converted to the wavenumber domain, 𝐸(𝑘, 𝜑), using Equation 4.3 (Kobune and

Hashimoto, 1986; Christie, 2024). A comparison of directional slope spectra with wind and wave

directions by storm quadrant is shown for four representative buoys in Figure 4.7. Observations

in each quadrant are from unique buoys between 2 RMW to 4 RMW from Idalia’s center and are

collected within a three-hour span.

Where wind and waves are aligned, the highest energy at each frequency in the slope spec-

trum is concentrated along the same direction and slopes are elevated. At these wind speeds,

the highest frequencies are dominated by the 𝑓 −5 (𝑘−3) saturation range, thus energy levels in

slope spectra decay (as 𝑓 −1) as the frequency increases (Figure 4.12). The wind-wave alignment

dependence means mss can be substantially higher in aligned conditions compared to crossing

crossing conditions, even if wind speeds are comparable. This is the case in Figure 4.7: in the

right-rear quadrant 𝑈10 = 34 m s−1, |Δ𝜃| = 10°, and mss = 0.023 compared to the left-front with
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Figure 4.7: Example directional slope spectra in each of the four quadrants. In each plot, the
azimuth indicates the direction of the energy and frequency increases radially outward (frequen-
cies are shown as mapped from their corresponding wavenumber via the dispersion relation). All
directions are in the “going to” convention and 0° is aligned with the hurricane’s heading. The
center panel shows the position (in RMW-normalized coordinates) of each buoy relative to the
hurricane’s center.

𝑈10 = 31 m s−1, |Δ𝜃| = 54°, and mss = 0.019. The percent difference in mss across quadrants is

19%. In contrast, evaluating the fit to all data in Equation 4.11 (primary wind speed dependence)

at these wind speeds predicts only a 5% difference (mss = 0.020 to mss = 0.021). (However, these

wind speeds fall within the 7 m s−1 uncertainty estimated for high wind regions in COAMPS-TC.)
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4.3.4 Down-wind and cross-wind mean square slope

Down-wind and cross-wind mss components describe slope energy projected along and perpen-

dicular to wind direction, respectively. After the directional slope spectrum is rotated such that

wind direction is aligned with the positive x-axis, the down- and cross-wind mss are the compo-

nents along each axis (Elfouhaily et al., 1997)

mssdown = ∫
𝑘2

𝑘1
∫

2𝜋

0
cos2(𝜑)𝑆(𝑘, 𝜑)𝑑𝜑𝑑𝑘 (4.15)

and

msscross = ∫
𝑘2

𝑘1
∫

2𝜋

0
sin2(𝜑)𝑆(𝑘, 𝜑)𝑑𝜑𝑑𝑘 (4.16)

where 𝜑 is defined in the mathematical convention: 0° is aligned with the positive x-axis (wind

direction), directions indicate “going to”, and values are measured positive counterclockwise. By

definition, mss = mssdown + msscross.

Down-wind slopes are consistently higher in aligned wind and wave conditions across all

wind speeds (Figure 4.8). Cross-wind slopes are elevated in aligned wind and waves until 30 m

s−1, beyond which cross-wind slopes in the aligned condition cease to increase. In contrast to

Figure 4.8: Mean square slope components: (a) Down-wind (mssdown), (b) cross-wind (msscross),
and (c) cross-wind to down-wind ratio, all versus 10-m wind speed and classified by wind-wave
alignment using an energy-weighted wave direction.
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the components, the ratio of cross-wind to down-wind mss, a measure of slope directionality,

does not show substantial variation over most wind speeds (Figure 4.8c). The exceptions are at

low wind speeds, where the ratio is sensitive, and at high wind speeds, where there are few data

points. Bins centered on wind speeds [7.5, 17.5, 30.0, 45.0] m s−1 with [10, 10, 15, 15] m s−1 widths

have medians ± 1 standard deviation of [0.66 ± 0.17, 0.74 ± 0.11, 0.80 ± 0.11, 0.83 ± 0.11] (aligned)

and [0.79 ± 0.26, 0.75 ± 0.13, 0.80 ± 0.11, 0.87 ± 0.05] m s−1 (crossing).

4.4 Discussion

4.4.1 Drag coefficient and wind-wave alignment

Mean square slope is enhanced in aligned conditions (low wind-wave alignment values) rela-

tive to crossing conditions (moderate wind-wave alignment) as shown in Figures 4.5 and 4.6.

The dependence of mss on wind-wave alignment in hurricanes is consistent with the depen-

dence of drag coefficient on wind-wave alignment in hurricanes shown in some models (Husain

et al., 2022; Manzella et al., 2024) and in some observations (Chen et al., 2022; Zhou et al., 2022).

These studies find drag coefficient is lower in crossing conditions relative to aligned conditions.

The reduction of drag coefficient with decreasing wind-wave alignment may be attributed to

the reduction of long wave-induced form drag in crossing sea states (Zhou et al., 2022). Model

studies have demonstrated correlation between mss and form drag (Sullivan et al., 2018), thus

the dependence of both mss and drag coefficient on wind-wave alignment is plausibly related.

Buoy-measured mss is only a partial representation of the spectral tail (up to 0.5 Hz or 6-m wave-

length), but it captures the energetic region of the gravity wave spectrum including larger and

longer waves hypothesized to steer form stress in aligned and crossing sea states, the equilibrium

range, and the start of the saturation range (at moderate wind speeds).

Despite qualitative agreement between the dependence of mss and drag coefficient on align-

ment, based on results from the aforementioned models and observations, drag coefficient is

not consistently observed to decrease in crossing wind and waves. Drag coefficients reported by

Holthuijsen et al. (2012) are lower in crossing conditions than in following (aligned) conditions
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below 25 m s−1, which agrees with the mss dependence. Above this wind speed, however, drag

coefficients in crossing winds and waves greatly exceed drag coefficients in following winds and

waves, which is opposite the mss dependence. A modest increase of drag coefficient in crossing

conditions has also been observed outside of tropical cyclones, including behind atmospheric

cold fronts embedded in extratropical cyclones (Sauvage et al., 2024). These inconsistencies sug-

gest the dependence of drag coefficient on wind-wave alignment varies across regimes. Variation

in mss dependence on wind-wave alignment across similar regimes has yet to be explored.

4.4.2 Generalization to other tropical cyclones

The spatial pattern of wind-wave alignment is similar to that of Zhou et al. (2022) and Chen et al.

(2022): wind and waves are aligned to the rear of the storm significantly far from the center, but

are misaligned in the far right-front (beyond 2-3 × RMW) and on the left side of the storm (Figure

4.5a). While this pattern is frequently reported in hurricane observations, it is not universal.

Other works, for example, have reported alignment towards the right-front (Holthuijsen et al.,

2012; Schönau et al., 2024).

It is likely that the strength, size, and translational speed of a hurricane shift wave direc-

tions, and thus the aligned region, within the right side of the storm due to the moving fetch

phenomenon (Kudryavtsev et al., 2021). While the self-similar solutions for wave direction de-

rived by Kudryavtsev et al. (2021) might be used with Equation 4.12 to produce a spatial map of

mss based on storm metrics alone, the validity of the solutions is limited to waves within a radius

of 3 × RMW (most observations are further from the storm due to Idalia’s small RMW, Figure

4.5). The correlation between mss and wind-wave alignment suggests the region with elevated

slopes should consistently coincide with the region of best alignment, however conclusive evi-

dence will require observations across several storms with varying spatial distributions of wave

direction. The region of highest slopes is unlikely to be constrained by quadrant (e.g, the highest

slopes may not always occur in the right-rear quadrant).
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4.4.3 Storm-following reference frame considerations

Buoy data over a 15-hour period are used to construct the storm-following reference frame ob-

servations shown in Figures 4.4 and 4.5. Wave observations are made simultaneously in the

cross-track direction, but mostly rely on the storm’s progression over the array to sample in the

along-track direction (though there are instances where the array spans all four quadrants at

the same time, e.g., Figure 4.7). In the first half of this period, from 00Z to 06Z on 30 August, the

maximum wind speed increased by 6 m s−1 (12 knots) peaking at 53.5 m s−1 (104 knots) while the

array was still in the front half of the storm (Figure 4.2g). Past 06Z, the maximum wind speed

fell by 2 m s−1 (4 knots) as the array was in the back half of the storm. Thus it is unlikely that

storm intensification is responsible for the elevated mss in the right-rear of the storm. While

waves in the back half of the storm experience a longer duration of forcing as the storm passes,

prior work suggests the response time of buoy-measured mss is between 0.4 and 1.2 hours (at

14 m s−1), and that the response time decreases as wind speed increases, as the upper frequency

limit increases, and as atmospheric stability decreases (Chen et al., 2016). The 1-hour spacing of

the buoy observations should be sufficient for mss to respond.

4.4.4 Doppler Adjustment Implications

Buoy observations require an adjustment for the Doppler shift that occurs between the observed

reference frame of the buoy and the intrinsic reference frame of the waves. Spotter spectra are

adjusted for Doppler shift due to a 1.2% wind slip and Stokes drift, while microSWIFT spectra are

adjusted only for Stokes drift. Spotter mean square slopes at the highest wind speeds (> 30 m s−1)

can increase by as much as 30% after adjusting to the intrinsic frame, which indicates saturation

of mss with wind speed is less acute than previously described in Davis et al. (2023b) (see Ap-

pendix A). The dependence of mss on wind wave alignment is robust whether data are adjusted

for the Doppler shift or not (Figure 4.9). Equation 4.11 fit to the observed (not adjusted) data sug-

gests the 𝑏 parameter is instead unique to each category. Using the same indicator function, this

coefficient can be replaced with 𝑏 + 𝑏 ′𝟏aligned(Δ𝜃) where 𝑎 = 0.0208 ± 0.0006, 𝑏 = 0.0530 ± 0.0040
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Figure 4.9: Aligned and crossing fit to mean square slope versus 10-m wind speed for (a) Intrinsic
(Doppler-adjusted) mean square slope and (b) observed mean square slope.

(m/s)-1, 𝑏 ′ = 0.0121 ± 0.0023 (m/s)-1, and 𝑐 = −0.0026 ± 0.0006 (95% confidence intervals). The

upper and lower bounds on 𝑏 ′ are [0.0098, 0.0144] (m/s)-1 such that this coefficient remains statis-

tically significant between categories when fit to observed mss. Aligned and crossing observed

mss converge at high wind speeds (> 30 m s−1), since the spectral tail that determines mss is

significantly Doppler shifted due to wind slip.

4.4.5 Other secondary dependencies

There are several other plausible mss secondary dependencies aside from wind-wave alignment.

Inverse wave age, the ratio of wind speed to the wave phase speed, is commonly used to param-

eterize drag coefficient (Edson et al., 2013). When calculated using phase speed at the energy-

weighted wave period, inverse wave age correlates with wind speed, but does not explain vari-

ation in mss at a given wind speed (Figure 4.10a). Long waves steepen as they shoal and may

modulate shorter waves through sheltering or increased turbulence, however there is not a dis-

tinct dependence of mss on relative depth (Figure 4.10b). It is possible that depth still effects

mss indirectly through an increase in wind-wave misalignment as larger waves shoal, though
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Figure 4.10: Mean square slope versus 10-m wind speed classified by: (a) inverse wave age
calculated using wave phase speed at the energy-weighted period; (b) relative water depth, or
𝑘ℎ, calculated as the product of energy-weighted wavenumber and water depth; (c) buoy drift
speed; (d) drift speed projected onto mss-weighted wave direction; (e) wave directional spread
calculated from energy-weighted directional moments; and (f) buoy type.

this would require comparison to observations in deep water (Chen et al., 2020a). Wave steep-

ening (or flattening) can occur as waves cross surface current gradients (Iyer et al., 2022). Buoy

drift speed, a proxy for surface current magnitude, increases with increasing wind speed ap-

proximately as the 3% rule of thumb, e.g., Samelson (2022) (Figure 4.10c). When projected onto

mss-weighted wave direction, projected drift speed does not elevate or lower mss as observed

in Iyer et al. (2022); waves would need to be measured crossing surface current gradients for a

Doppler shift of this type to be directly observed (Figure 4.10d). The mss-weighted wave direction

used in the projected drift speed is calculated from Equation 4.8 with an 𝑎1 and 𝑏1 weighted by

the fourth spectral moment and is chosen since this is the wave direction at the frequencies with

the largest contribution to mss. There is not substantial variation of mss with the directional
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spread calculated using energy-weighted moments, though normalization of mss by directional

spread was found to improve parameterizations by Banner et al. (2002) and Schwendeman et al.

(2014) (Figure 4.10e). There is no appreciable bias introduced by buoy type (Figure 4.10f).

Hwang and Fan (2018) find a moderate secondary dependence on hurricane wind field asym-

metry, a weaker dependence on the maximum wind speed, and little to no dependence on the

radius of maximum wind speed. Several modeling and observational studies have reported vari-

ations in wind stress and drag coefficient from deep to shallow water (Jiménez and Dudhia, 2018;

Chen et al., 2020a, 2022). Variations are primarily attributed to wave shoaling, and specific trends

appear to have a complex dependence on factors such as beach slope and storm translation speed.

A comparison across datasets with a similar spatial density, but with varying hurricane condi-

tions, is required to test for mss dependencies on water depth and storm strength, size, and

translational speed.

4.4.6 Extension to higher wavenumbers

The primary dependence of mss on wind speed in hurricanes is consistent across measurement

platforms, including radar measurements which resolve mss down to wavelengths of 0.2 m (Davis

et al., 2024a). From the present dataset, it is not clear whether the secondary dependence of mss

on wind-wave alignment persists down to shorter wavelengths. Future work should use methods

capable of near-synoptic measurements of short-wave mss and wave direction in hurricanes to

test for this dependence. Efforts to test the dependence of Wide Swath Radar Altimeter mss on

wind-wave alignment are ongoing.

4.5 Conclusions

Mean square slope, mss, has a primary dependence on wind speed that is linear at low-to-

moderate wind speeds and approaches saturation at hurricane wind speeds. Observations from

an array of drifting buoys deployed inside Hurricane Idalia (2023) show mss, resolved down to

6 m wavelength, has a secondary dependence on wind-wave alignment which can help explain

variation in mss at a given wind speed. Mean square slopes are higher where wind and waves are
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aligned than where wind and waves are crossing. This dependence is robust across all observed

wind speeds, as indicated by fits to the respective categories. In the case of Idalia, slopes are ele-

vated in the right-rear of the storm where wind-wave alignment is the closest. The dependence of

mss on wind-wave alignment resembles the dependence of drag coefficient on wind-wave align-

ment described in recent observational and model studies (Zhou et al., 2022; Manzella et al.,

2024). Form drag formulations depend on the shape and energy level within the spectral tail,

both of which are reflected by changes in mss (Donelan et al., 2012). This suggests dependencies

of mss and drag coefficient on wind-wave alignment are related. Future work should focus on

testing this dependence with methods that can resolve wave spectra at higher frequencies inside

hurricanes.

Open Research Section

Data are available on Dryad (https://doi.org/10.5061/dryad.zw3r228h7) and are cited

as Davis et al. (2024b). Source code can be accessed via GitHub (https://github.com/jacob

rdavis/ocean-surface-wave-slopes-and-wind-wave-alignment-observed-in-H

urricane-Idalia) or Zenodo (https://doi.org/10.5281/zenodo.13953570) and are

cited as Davis (2024). Hurricane Best Track data and storm metrics are from the International

Best Track Archive for Climate Stewardship (IBTrACS) (Knapp et al., 2010b; Gahtan et al., 2024).

Shapefiles of the storm track and wind swaths used in the maps are from the National Hurricane

Center GIS Archive available at https://www.nhc.noaa.gov/gis/. Bathymetric data

are from the 2023 General Bathymetric Chart of the Oceans (GEBCO Bathymetric Compilation

Group, 2023). Data from National Data Buoy Center Station 42036 (West Tampa) are available

on the NDBC archive (NOAA National Data Buoy Center, 1971). Stepped Frequency Microwave

Radiometer data are available at https://www.aoml.noaa.gov/2023-hurricane-fie

ld-program-data/#idalia. Colormaps are from colorCET (https://colorcet.holov

iz.org/) and cmocean (https://matplotlib.org/cmocean/) (Kovesi, 2015; Thyng et al.,

2016). Directional spectra are estimated using the Rogue Wave Spectrum package (https:

//github.com/sofarocean/oceanwavespectrum).
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Appendix A: Doppler-adjusted observations

The Doppler-adjusted Hurricane Ian and Fiona (2022) datasets (prior work) are shown with the

Idalia (2023) dataset (current work) in Figure 4.11. There is little to no difference between ob-

served and intrinsic observations below 20 m s−1, however intrinsic mss can be as much as 30%

higher compared to observed mss at wind speeds exceeding 35 m s−1. Intrinsic mss saturation is

not as strong as previously reported, however the rate of increase in mss with 10-m wind speed

is substantially reduced above 25 m s−1.

When the Doppler-adjusted Idalia data are binned by 10-m wind speed (following prior work),

the mean spectra remain dominated by the 𝑓 −5 saturation range at the highest wind speeds

(Figure 4.12). The 𝑓 −4 equilibrium range is progressively narrowed until it is nearly absent at
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Figure 4.11: Observed and intrinsic mean square slope (0.05 Hz to 0.5 Hz) versus wind speed.
The data include observations from Hurricane Idalia (this study) and Hurricanes Ian and Fiona
(Davis et al., 2023b).

wind speeds exceeding 25 m s−1. The increase in spectral tail steepness is directly reflected in

the change in mss: an mss integrated over a largely saturated spectrum with 𝐸(𝑓 ) ∼ 𝑐𝑠𝑓 −5 has

only logarithmic contributions to mss with increasing frequency, whereas the contributions of

equilibrium range with 𝐸(𝑓 ) ∼ 𝑐𝑒𝑓 −4 are linear in frequency (𝑐𝑠 and 𝑐𝑒 are constants related to

the spectral energy levels).
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Figure 4.12: Hurricane Idalia Spotter spectra in 10 m s−1 wind speed bins: (a) mean energy
density; (b) mean energy density compensated by 𝑓 4 and normalized by the maximum value in
each respective bin; and (c) mean energy density compensated by 𝑓 5. Bin counts (number of
1-hour spectra) are labeled inside of the color bar.
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Appendix B: COAMPS-TC validation

Reforecast COAMPS-TC fields were validated using observations collected from 29 August to

31 August 2023. Surface wind speed SFMR observations from five missions flown by NOAA

and the United States Air Force Reserve Weather Reconnaissance Squadron were colocated with

COAMPS-TC using the same interpolation method used to colocate buoy observations. SFMR

observations (1 Hz) were averaged to 1-minute wind speeds (COAMPS-TC outputs instantaneous

values representative of a 1–10 min average).

The distribution of COAMPS-TC wind speed errors relative to SFMR, created from 𝑛 = 1,289

comparisons, has a mean (bias) of 2 m s−1 and a standard deviation (error) of 6 m s−1 (Figure 4.13).

When grouped into 10 m s−1 bins spanning 15 m s−1 to 55 m s−1, error increases as 19–24% of

wind speed. Above 30 m s−1, COAMPS-TC is biased high relative to SFMR (Figure 4.14a). A storm-

centered composite of COAMPS-TC wind speed errors suggests COAMPS-TC overestimated the

size of the storm near the actual RMW (Figure 4.14b). Most buoy observations are outside the

RMW, where COAMPS-TC and SFMR are in good agreement (Figures 4.4 and 4.5). Despite an

underestimation of storm size, there is little bias across storm quadrants (which might otherwise

produce an erroneous mean square slope dependence on wind-wave alignment).

Figure 4.13: (a) Example time series of COAMPS-TC and SFMR 10-m wind speed. SFMR data are
from mission 20230830U1 flown on 30 August. (b) Histogram of COAMPS-TC surface wind speed
error, relative to SFMR surface wind speed, created from 𝑛 = 1,289 total observations. Dashed
lines represent the mean (red) and mean ± 1 standard deviation (gray).
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Figure 4.14: (a) Comparison of SFMR and COAMPS-TC surface wind speed estimates. (b)
COAMPS-TC surface wind speed error in a storm-centered, RMW-normalized reference frame.

Hurricane Idalia passed almost directly over NDBC Station 42036 moored at (28.501 N, 84.508

W). Station 42036 was as close as 10 km to Idalia’s center on 30 August 06Z. COAMPS-TC 10-m

wind directions were compared with NDBC-measured wind direction, reported every 10-minutes

at an anemometer height of 3.8 m. A distribution of COAMPS-TC wind direction errors relative

to NDBC, created from 𝑛 = 282 comparisons, has a mean of -6 degrees and a standard deviation

of 19 degrees (Figure 4.15). The accuracy of COAMPS-TC wind direction should be sufficient for

the broad categorization of wind-wave alignment used to obtain the results (aligned, crossing,

or opposing).

COAMPS-TC and NDBC Station 42036 wind speeds compare well until the buoy is inside

Idalia (Figure 4.16). Within the storm, Station 42036 reported a maximum 10-minute wind speed

of 25 m s−1 and maximum 1-minute wind speed of 28 m s−1 (at 3.8-m anemometer height).

These observations are much lower than the maximum 10-m wind speed of 46 m s−1 reported

by COAMPS-TC at the buoy’s location. (Station 42036 recorded gusts as high as 36.5 m s−1 at

anemometer height, though gustiness is not resolved by COAMPS-TC.) The large difference in

buoy-measured and modeled wind speed is unlikely to be accounted for by differences in mea-

surement height alone. General agreement in wind speed magnitude between COAMPS-TC and
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SFMR (Figure 4.13) suggests NDBC Station 42036 is potentially unrepresentative of true 10-m

wind speed during Idalia’s passing. Some of this difference may be from measurement bias

within the wave boundary layer (Buckley and Veron, 2016). NDBC-reported significant wave

heights exceed the 3.8 m anemometer height during Idalia’s entire passing (the maximum sig-

nificant wave height is 6.3 m). Previous work has reported low wind measurement bias due to

flow distortion over waves below 18 m s−1 (Wright et al., 2021), however large differences ob-

served here warrant investigation into sheltering effects on measured winds within hurricanes.

COAMPS-TC also predicts an earlier arrival of the storm, though errors due to phase shift and

storm structure should be well-captured by the SFMR wind speed error analysis.

Figure 4.15: (a) Time series of COAMPS-TC and NDBC wind direction. (b) Histogram of
COAMPS-TC wind direction error relative to NDBC wind direction. Dashed lines represent the
mean (red) and mean ± 1 standard deviation (gray).
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Figure 4.16: (a) Time series of COAMPS-TC 10-m wind speed and NDBC 3.8-m wind speed.
(b) Histogram of COAMPS-TC wind speed error relative to NDBC wind speed. Dashed lines
represent the mean (red) and mean ± 1 standard deviation (gray).
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Chapter 5

DATA-DRIVEN METHODS FOR OCEAN SURFACEWAVE
MEASUREMENT USING A SUBMARINE FIBER-OPTIC CABLE

Abstract: Two new data-driven models for estimating ocean surface waves from distributed acoustic
sensing (DAS) submarine cable strain rate are developed using supervised machine learning on a 10-day
dataset collected offshore of Oliktok Point, Alaska. The new models were trained on target data from
pressure moorings at three sites along 27.1 km of cable and were benchmarked against an empirical
transfer function method previously used to estimate waves from DAS. A model which uses convolutional
neural networks to transform frequency-wavenumber spectra to seafloor pressure spectra outperforms
the benchmark in wave height prediction (RMSE of 0.15 m versus 0.41 m) and period prediction (0.29
s versus 0.37 s) when evaluated on the Oliktok cable. A two-layer, fully-connected neural network is
only marginally more skillful than the benchmark when trained on target data from several along-cable
sites, but is capable of accurate significant wave height prediction when trained at a single location.
Regression-based machine learning is useful for estimating waves from DAS data when the pressure-
strain relationship varies temporally and spatially across different wave conditions.

5.1 Introduction

Seafloor distributed acoustic sensing (DAS) measures submarine fiber optic cable strain in re-

sponse to external signals in the water column and seafloor sediments. Strain, or strain rate, can

be used to infer information about external loads, including ocean surface gravity waves, seismic

waves, and acoustic sources (Xenaki et al., 2025). Measurements can be collected on both preex-

isting telecommunication cables or custom-installed cables, providing many kilometers of fiber

suitable for DAS interrogation. Strain is returned at channels spaced every several meters along

the cable, enabling highly spatially- and temporally-resolved geophysical observations. Previous

work has demonstrated the ability for DAS to measure oceanographic processes, including ocean

seismology (Williams et al., 2019), ocean currents (Williams et al., 2022), sea-ice processes and

wave interactions (Baker and Abbott, 2022; Smith et al., 2023), and nearshore hydrodynamics
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(Glover et al., 2024b).

This work focuses on the measurement of ocean surface gravity waves via DAS, as inferred

from along-cable strain (or strain rate) records. Wave-induced cable strain is caused by dynamic

pressure fluctuations from waves in shallow and intermediate relative water depths (Glover

et al., 2024b). Wave signals are evident in DAS spectral content in intrinsic strain units, typ-

ically nanometers per meter, notably through dispersion relationship signatures in frequency-

wavenumber (f-k) spectra (Lindsey et al., 2019; Williams et al., 2019, 2022). Phase information is

sufficient for observing many wave processes, avoiding the need to convert strain amplitude to

the amplitude of target measurement. For example, current-induced Doppler shift in the mea-

sured dispersion relationship from strain f-k spectra can be used to infer depth-averaged currents

(Williams et al., 2022; Lin et al., 2024). Recent work has also explored the use of DAS for resolving

infragravity waves from f-k spectra, which has potential to compliment Tsunami early warning

systems (Xiao et al., 2024). Fewer studies use DAS to measure ocean waves in units of pres-

sure head or surface elevation (e.g., meters). A key challenge is determination of the amplitude

relationship between strain and pressure, which minimally depends on gauge length, incident

wavelength, seafloor compliance, cable properties, temperature, and interrogator setup (Glover

et al., 2024b). Many of these properties are often unknown or difficult to characterize over the

entire length of cable used for DAS.

Smith et al. (2023) use an empirical, frequency-domain transfer function for transforming

strain to pressure. The transfer function is defined as the median of the ratio of many known

pressure spectra to measured strain spectra collected over time. They applied this method to a 6-

day DAS dataset from a telecom cable offshore of Oliktok Point, AK (the cable used in this work)

using depth-attenuated spectra from a surface wave buoy moored above the cable as ground

truth. Pressure spectra estimated from DAS were converted to surface elevation spectra and

used to calculate significant wave height (𝐻𝑠) and energy period (𝑇𝑒) over the analysis period. In

relatively calm conditions (𝐻𝑠 ≤ 0.4 m and 𝑇𝑒 < 3.5 s), DAS-estimated wave heights and periods

compared well relative to the buoy (RMSE of 0.10 m and 0.65 s, respectively). The estimated spec-

tra were sufficient to determine sea-ice attenuation rates during the autumn freeze-up. Glover



93

et al. (2024b) applied this method to several weeks of data from a field-deployed cable in Duck,

NC, using three Nortek Acoustic Wave and Current profilers as ground truth. Over a wider range

of conditions, up to 4-m 𝐻𝑠 and 18-s 𝑇𝑒, the median transfer function produced excellent wave

estimates with a typical height and period RMSE of 0.2 m and 1 s, respectively. Meulé et al. (2024)

derive both emprical and semi-analytical transfer functions from DAS and seafloor pressure data

(RBR virtuoso) on a cable in the South of France in moderate conditions (𝐻𝑠 between ∼0.1 and

2.5 m). Their empirical method achieves good total energy level prediction performance when

applied in 10- to 60-minute windows (coefficient of determination, 𝑅2, of 0.95), but it depends on

a highly linear relationship between band-passed strain and pressure spectral variances. Their

linear wave theory-based, semi-analytical method has more scatter, but is more interpretable

than empirical methods.

Here we explore the use of supervised machine learning for transforming DAS-measured

strain rate to seafloor pressure (and thus surface elevation) in the frequency domain. Machine

learning-based models may be appropriate, or even necessary, for cables and conditions where

the pressure-strain relationship is nonlinear (e.g., the cable’s stress response to small pressures

is different from the response to large pressures). The flexibility of these models enables the

use of metadata which are known to be important to the problem—such as water depth, cable

burial depth, along-cable distance, or wave direction—but for which precise relationships are not

well-constrained in a particular setting. DAS also produces large volumes of data, making it a

good candidate for data-driven methods. Machine learning has previously been combined with

DAS, for example to track sea ice extent via unsupervised learning (Peña Castro et al., 2023),

map strain to microseism location and velocity using a residual neural network (Wamriew et al.,

2021), predict glacier discharge with a Long Short-Term Memory model (Manos et al., 2024), and

separate ocean gravity and seismic waves using the SHallow REcurrent Decoder (SHRED) model

(Ni et al., 2024).

The new methods are developed and tested on a DAS dataset collected in the coastal Arc-

tic. Wave measurements from DAS can enable the study of wave-ice attenuation and related

mechanisms, such as scattering, with far finer resolution than point measurements (e.g., buoy
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or mooring arrays) (Smith et al., 2023). Long-term cable interrogation can provide insight into

seasonal trends in wave action in this region, including periods with residual spring landfast ice

and newly-formed autumn sea ice (Hošeková et al., 2020, 2021).

Section 5.2 describes three data-driven models for mapping strain rate spectra to seafloor

pressure spectra. These include the previously-developed median transfer function method (Smith

et al., 2023; Glover et al., 2024b), and two new, machine learning-based alternatives. In Section 5.3,

models are evaluated on their spectral and bulk parameter prediction skill at three sites along the

cable using an independent test dataset. Spatial and temporal variations in the pressure-strain

relationship, model generalization to all sites along the cable, and adaptation of the architectures

to other settings are discussed in Section 5.4. Section 5.5 concludes.

5.2 Methods

5.2.1 Strain rate and seafloor pressure measurements

Distributed acoustic sensing strain rate measurements are from a Quintillion-owned submarine

fiber-optic cable that runs offshore of Oliktok Point, Alaska. A dark fiber in the cable was in-

terrogated by researchers from Sandia National Laboratories with a Silixa iDAS interrogator.

Previous DAS data from this experiment have been used to map sea ice coverage (Baker and Ab-

bott, 2022), track ice edges (Peña Castro et al., 2023), characterize submarine permafrost (Stanciu

et al., 2023), and observe wave-ice interactions (Smith et al., 2023). Data used here are from 27.1

km of cable extending northward across the Beaufort shelf along the 150W meridian (Figure 5.1,

left). Water depths along this portion of the cable range from 3 m to 19 m. The cable is trenched

approximately 2 m into the seabed up to an along-cable distance of 16.1 km, and it is buried

approximately 4 m for the remainder of the usable distance offshore. Raw data were collected at

a sample rate of 100 Hz with a channel spacing of 8 m and a gauge length of 10-m. These data

were concatenated into 1-hr records of along-fiber strain rate (with units of nm/m/s, or nanome-

ter per meter per second) and downsampled to 2 Hz at channels spaced every 16-m along the

cable. Downsampling was performed by first filtering the data with a zero-phase low-pass fi-
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Figure 5.1: (Left) Map of the cable (yellow line) and mooring sites (markers) offshore of Oliktok
Point, Alaska. The dashed portion of the cable represents the 27.1 km of channels used in the
analysis. Along-cable distance from shore is indicated to the right of the cable, and contours rep-
resent bathymetry from NOAA navigation maps (Baker and Abbott, 2022). (Right) Seafloor pres-
sure variance, significant wave height, and energy period measured by bottom pressure moorings
deployed at sites 1, 2, and 3. Breaks in the axes correspond to the period when the DAS inter-
rogator was disconnected while the cable was being repaired from ice scour damage.

nite impulse response filter (cutoff frequency of 1 Hz) and then extracting every 500th sample.

This temporal and spatial resolution is sufficient to capture ocean surface gravity waves (Figure

5.2a–b).

Three RBR Duo moorings were deployed along the cable, from April to September 2023, to

record seafloor pressure and water temperature (Thomson and Smith, 2024). The mooring sites,

referred to as Sites 1, 2, and 3 with increasing distance from shore, are spaced roughly 10 km

apart along the cable in mean water depths of 5.5 m, 14 m, and 19.5 m, respectively (Figure 5.1,

left). Site 1 is located between two barrier islands, and Sites 2 and 3 are located in open water

(during ice-free periods). Pressure and temperature data were collected at 2 Hz (Figure 5.2c).



96

Figure 5.2: (a) Strain rate Hovmöller diagram created from the first 6 minutes of 28 August 00Z
and 1 km of DAS channels centered on Site 3 (approximate along-cable distance of 29.47 km, as
indicated by opposing arrows); and (b) strain rate and (c) seafloor pressure time series at Site 3
over the same time period.

Analysis focuses on a predominantly ice-free period from 22 August 2023 to 22 September

2023. This period was chosen to remove any gradients due wave-ice interactions. Wave condi-

tions measured by the pressure moorings over this period include significant wave heights, 𝐻𝑠,

from tens of centimeters to 2 m and energy-weighted (centroid) periods, 𝑇𝑒, between 3 s and 8 s

(Figure 5.1, right). During this period, DAS measurements were paused for repairs on the subma-

rine fiber-optic cable that had been damaged by ice scour earlier in the season. As a result, there

is a data gap between 30 August and 18 September 2023. All subsequent time series contain a

break in the x-axis during this gap.

5.2.2 Data preparation

Hourly strain rate and pressure spectral density estimates were computed from demeaned DAS

and mooring records, respectively. Spectra were estimated using Welch’s method with 512-point

(256-s) Hann-windowed segments and 50% overlap. Frequencies above 0.5 Hz were trimmed to

remove much of the noise floor, and every 4 adjacent frequencies were averaged to increase the
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spectral degrees of freedom (reduce noise). The resulting spectra span 0.0078 Hz to 0.49 Hz in 32

frequency bins (Figure 5.3).

Within the analysis period (Figure 5.1) there were 657 hourly pressure spectra (3 sites × 219

spectra) during which DAS was also recording. Each pressure spectrum represents an indepen-

dent realization of the sea surface elevations within that hour. Since ocean wave statistics are

expected to be stationary for several kilometers in moderate and ice-free conditions, DAS strain

rate spectra from 1 km of channels centered on each site were calibrated to the measured pres-

sure spectrum within each hour. Each channel makes an independent strain rate measurement,

and water depth, burial depth, and seabed characteristics may vary across channels at a given

site. A total of 40,077 strain rate spectra (61 channels × 3 sites × 219 spectra) were used in the

analysis.

The hourly DAS and mooring observation pairs form a dataset of features and targets used

to develop a model for converting DAS-measured strain spectra (features) to seafloor pressure

spectra (targets). The dataset was partitioned into disjoint train and test subsets using the data

gap as a natural split point. Data prior to the data gap, from 24 August 04:00Z to 30 August 00:00Z,

Figure 5.3: (Left) Strain rate spectra and (right) seafloor pressure spectra at all three sites on 28
August 00Z. In the left panel, lighter traces are individual strain rate spectra from 1 km of DAS
channels centered on each site, and bold traces are strain rate spectra at the channel nearest to
each mooring site (approximate along-cable distances of 9.28 km, 20.00 km, and 29.47 km).
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were designated for training at all three sites. Data past the gap, from 17 September 17:00Z to 20

September 19:00Z, were used for testing. The resulting train-test split is approximately 65-35%.

Both subsets contain comparable ranges of wave heights and periods (Figure 5.1). The test subset

was withheld throughout the entire model training and selection process to provide an unbiased

estimate of the best-performing model’s performance on unseen data.

5.2.3 Median transfer function

Previous work has demonstrated the effectiveness of an empirically-derived transfer function for

estimating surface wave properties from DAS-measured strain or strain rate (Smith et al., 2023;

Glover et al., 2024b). Ground-truth measurements of colocated seafloor pressure were used to

estimate a transfer function, 𝐻 , between strain rate spectra and seafloor pressure spectra:

𝐻(𝑡, 𝑓 ) =
𝑃(𝑡, 𝑓 )
𝑆(𝑡, 𝑓 )

(5.1)

Where 𝑃(𝑡, 𝑓 ) and 𝑆(𝑡, 𝑓 ) are seafloor pressure and strain rate observations, respectively, col-

lected over time, 𝑡, at a single location (channel). Transfer function estimates from many ob-

servations over time were reduced to a single, frequency-dependent function using a temporal

median, 𝐻(𝑓 ) = med
𝑡

[𝐻(𝑡, 𝑓 )]. Subsequent estimates of 𝑃 were calculated as the product of

𝐻(𝑓 ) and newly-observed 𝑆.

Site-specific transfer functions were calculated from 1-km of DAS data centered on each site

(61 channels per site) over the entire train period (Figure 5.4). The median of these transfer

functions represent the 𝐻(𝑓 ) estimate for each site. Pressure spectra were then computed from

𝑆 at each channel and averaged over all 61 channels to obtain time series predictions at each

site. We found this was equivalent to computing the temporal median at each channel, and then

averaging predictions over channels. Over the 5.8-day period, individual transfer functions span

approximately two decades of spectral density, which is consistent with prior estimates (Glover

et al., 2024b). For instance, at Site 1, peak transfer function values range from 1.2 ⋅10−7 to 1.1 ⋅10−5

and have a standard deviation of 1.5 ⋅ 10−6. Median transfer functions have similar shapes across
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sites, however site 1 has the largest dynamic range (Figure 5.4A).

Figure 5.4: Spectral transfer functions (ratio of pressure to strain rate spectral density, Equation
5.1) calculated from 1-km of channels centered on Sites 1, 2, and 3 (a, b, and c). Black lines
represent the median transfer function, 𝐻(𝑓 ). Transfer functions were calculated using spectral
pairs only from the training period.

5.2.4 Spectral neural network

Variations in pressure-to-strain transfer functions over time suggest a potentially nonlinear re-

lationship between strain rate spectra and seafloor pressure spectra. Here we explore the use of

a fully connected neural network to map 𝑆(𝑓 ) to 𝑃(𝑓 ). Inputs to the network include strain rate

spectral densities at 32 frequencies, water depth, and approximate cable burial depth (34 total

features). The network contains two hidden layers of independent size. Each hidden layer is

followed by a rectified linear unit (ReLU) activation function, which introduces nonlinearity into

the network (Agarap, 2019). Dropout is applied after each layer as regularization mechanism,

which helps to avoid overfitting to the training dataset. The outputs of the network are pressure

spectral density predictions at 32 frequencies.

Both input and target spectra, 𝑆 and 𝑃 , were log-transformed to compress their dynamic

range. We also find that a log-transformation prevents the network from predicting negative val-

ues when pressure spectral densities are small (e.g., on O(10−5) as in Figure 5.3). Log-transformed

input and target spectral densities were normalized per-frequency using the minimum and max-
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imum values at each frequency (min-max scaling) such that inputs were mapped to the domain

[0, 1]. Water depth and cable burial depth were also normalized using their respective ranges.

Per-feature minima and maxima were determined strictly from the training subset to prevent

information leakage to the validation and test subsets.

A per-frequency, mean squared error-based (MSE) loss function was used for model training.

To avoid an over-weighting of the highest frequency, but lowest energy, portions of the spectra

(due to the log transform), the total loss was computed as the weighted sum of log-transformed

and linear (non-transformed) errors:

𝐿log(𝑃, 𝑃) = MSE( log 𝑃, log 𝑃)

𝐿linear(𝑃, 𝑃) = MSE(𝑃, 𝑃)

𝐿total(𝑃, 𝑃) = 𝛼 𝐿log + (1 − 𝛼) 𝐿linear (5.2)

Where 𝑃 are the predicted pressure spectra and 𝛼 is a hyperparameter used to balance the two

loss components. A non-transformed normalization was computed and applied such that inputs

to both 𝐿log and 𝐿linear were normalized using min-max scaling.

The spectral neural network was trained in epochs using the AdamW optimizer with nonzero

weight decay (𝐿2 regularization) (Loshchilov and Hutter, 2019). Bayesian hyperparameter opti-

mization (Optuna) was used to determine the hidden layer sizes (8, 16, 32, or 64), dropout proba-

bility (capped at 30%), 𝛼 in Equation 5.2, batch size, and AdamW parameters (Akiba et al., 2019).

Training data from 28 August 18:00Z to 30 August 00:00Z were used for validation. Since the

magnitude of the loss varies with 𝛼, a per-frequency MSE calculated using linear 𝑃 and 𝑃 was

used as an evaluation metric for model selection.

The selected model has hidden layer sizes of 16 and 32 (first and second layer) and a dropout

probability of 8%. It was trained for up to 200 epochs with a 32-sample batch size and 𝛼 = 0.46.
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5.2.5 Frequency-wavenumber convolutional neural network

The median transfer function and spectral neural network models operate on spectra from indi-

vidual channels. Neither model leverages the spatial resolution of DAS, in particular signals from

incident waves as they are measured across neighboring channels (e.g., Figure 5.2a). The use of

this information may help to distinguish ocean waves from other noise common to DAS data. We

introduce a final model that maps frequency-wavenumber (f-k) strain rate spectra to pressure

spectra using a convolutional neural network (CNN). The model’s architecture is adapted from

im2spec, a convolutional encoder-decoder network developed in the materials science domain

(Kalinin et al., 2021; Roccapriore et al., 2021). For instance, Roccapriore et al. (2021) used this

architecture to predict electron energy loss spectra from scanning transmission electron micro-

scope images of fluorine and tin-doped indium oxide nanocrystal arrays.

Encoder-decoder models learn a low-dimensional vector, or “latent” space, between inputs

and outputs. Inputs are processed into the latent space via the encoder, and outputs are gen-

erated from the latent space by the decoder. The goal is to learn a latent space that contains

meaningful information connecting the inputs and outputs while rejecting irrelevant informa-

tion, such as noise. Latent space components are similar to principle components (or empirical

orthogonal functions), except that the former are the result of a nonlinear transformation and

are not orthogonal nor ordered by contribution (Ladjal et al., 2019). (Here, the decoding of the

latent space also does not reproduce the inputs, as would an autoencoder or reconstruction from

principle components.)

Inputs to the model are 32×32 images of strain rate f-k spectra. Outputs are 1D pressure

spectra at 32 frequencies, which is the same as the previous two models (pressure f-k spectra

cannot be generated from a point-measurement for use as targets). The encoder contains a series

of 2D convolutional layers which operate on successive forms of the input images. Output from

the encoder is compressed into a latent vector via a fully connected layer, where each entry of

the latent vector is a latent dimension. The decoder contains a series of dilated 1D convolutional

layers which expand the latent space vector into a pressure spectral density prediction.
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Figure 5.5: Strain rate f-k spectra centered on Sites 1, 2, and 3 (a, b, and c) on 24 August 16Z. En-
ergy in the (𝑓 , +𝑘) plane is directed onshore, and energy in the (𝑓 , −𝑘) plane is directed offshore.
Black dashed lines show the dispersion relationship (Equation 5.3) for estimated wave directions
|𝜃| = 33°, 29°, and 16° at Sites 1, 2, and 3, respectively.

Strain rate f-k spectra were estimated using two-dimensional arrays of raw strain rate from 2

km of DAS channels collected over 30-min (Figure 5.5). The temporal duration was reduced from

the prior two models (60-min), since f-k spectra also include spatial statistics. Data were seg-

mented along the time axis into 600-point (300-s) segments with 50% overlap and were tapered

with a 2D Hann window function prior to computing 2D Fourier transforms and averaging. Fre-

quencies above 0.5 Hz were trimmed, and every four frequencies and three wavenumbers were

merged. Final strain rate f-k spectra were interpolated onto a 32 × 32 grid of frequencies from 0.01

to 0.50 Hz and wavenumbers from ± 0.00096 to 0.03 m−1, where negative wavenumbers indicate

offshore wave propagation (Figure 5.5). Note that strain rate frequency spectra are recoverable

from f-k spectra via integration along the wavenumber axis.

The strain rate f-k spectra show signatures of the ocean surface gravity wave dispersion

relationship:

𝜔2 = 𝑔 (
𝑘𝑥

cos 𝜃)
tanh(

𝑘𝑥ℎ
cos 𝜃)

(5.3)

where 𝜔 = 2𝜋𝑓 is angular frequency, 𝑔 is the acceleration of gravity, ℎ is water depth (positive-

down), and 𝑘𝑥 is the along-cable component of the wavenumber vector for waves traveling at an
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oblique angle 𝜃 relative to the cable (𝑘𝑥 = |𝐤| cos 𝜃, where 𝐤 is the 2D wavenumber vector). The

f-k spectra also reveal signatures off of the ocean wave dispersion curve. Thus, a motivation for

using an encoder-decoder architecture is that the latent space might isolate energy along the

dispersion curve from background noise or other signals not directly related to ocean surface

waves. While f-k spectra could be pre-filtered to exclude energy that does not follow the disper-

sion relationship, these extrinsic signatures may still be useful for the model, e.g., variations in

energy may correspond to changes in burial depth or seafloor coupling across channels.

The f-k CNN model was trained on 837 pairs of half-hourly f-k spectrum images and pressure

spectra at all three sites from 24 August 04:00Z to 30 August 00:00Z (the same time period used to

train the spectral neural network). Both images and spectra were provided to the model in linear

space (no transformation). Input images were normalized by the min and max energy density

at any frequency-wavenumber pair across all images, and pressure spectra were normalized by

the per frequency min and max across all spectra. Unlike the spectral neural network, neither

water depth nor approximate cable burial depth were provided as inputs. Model weights were

optimized using AdamW and a per-frequency MSE loss calculated from predicted and observed

pressure spectra (equivalent to 𝐿linear in Equation 5.2). The quantity and output size of the en-

coder’s 2D convolution layers, the output size of decoder’s 1D convolution layers, the number of

latent dimensions, batch size, and optimizer parameters were determined via a hyperparameter

search using training data from the same 28 August 18:00Z to 30 August 00:00Z period as vali-

dation. This model was evaluated on the remaining 477 of the 1,314 total image-spectra pairs.

Model specifications included in the hyperparameter search space were intentionally kept small

to limit the total number of model parameters (e.g., number of encoder and decoder filters ≤ 32

and number of latent dimensions between 1 and 6). The use of a smaller model was an effort to

prevent overfitting to the relatively small dataset of image and spectrum pairs.

The selected model has an encoder with three 2D convolution layers, where each layer has 4

filters, a 3×3 kernel, and subsequent ReLU activation and batch normalization (Figure 5.6). A fully

connected layer reduces the encoder output to a 4-dimensional latent space. The decoder con-

sists of four 1D convolutional layers, each with 16 filters, a kernel size of 3, and subsequent ReLU
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Figure 5.6: Schematic of the f-k CNN model. Layer names and argument orders follow PyTorch
2.7.1 conventions. Custom layer groups are defined in panels on the right. Model architecture is
adapted from the im2spec network described in Kalinin et al. (2021) and Roccapriore et al. (2021).
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activation and batch normalization. Each of the four 1D convolutional layers have increasing

amounts of dilation and padding, from 1 (closest to latent vector) to 4 (furthest from latent vec-

tor). The dilated convolution layers are followed by a final 1D convolutional layer which reduces

the 16 filters to a single output filter.

5.3 Results

Here we compare the skill of the three data-driven models for estimating seafloor pressure spec-

tra and bulk wave parameters from DAS-measured strain rate. Site-specific median transfer

functions (Median TF) are used as a benchmark from which the spectral neural network (Spec-

tral NN) and f-k spectra convolutional encoder-decoder neural network (f-k CNN) are evaluated.

Unlike the median TF, the Spectral NN and f-k CNN models were trained on all three sites si-

multaneously (i.e., they are not site-specific).

5.3.1 Predictions at each site

Seafloor pressure spectral densities were predicted at all three sites over the entire analysis pe-

riod (inclusive of the train and test subsets). Example spectra at two timestamps, drawn from

energetic periods within the train and test subsets, demonstrate that each model generally cap-

tures the shape of the target mooring spectra, including the location of the peak (Figure 5.7). In

all cases, Median TF predictions have lower energy levels near the centroid of the spectrum, but

capture the spectral tail (frequencies past the peak) exceptionally well (e.g., Figure 5.7f). Spectral

NN pressure spectra contain more energy and generally have accurate shapes, but occasion-

ally miss peaks or under estimate total energy (e.g., Figure 5.7e). Predictions from the f-k CNN

model capture energy levels and shape near the spectral peak well, but tend to overestimate

energy within the tail (e.g., Figure 5.7e and f).

Seafloor pressure variance was calculated from each spectral prediction to provide a measure

of total energy (Figure 5.8). Variance was calculated as the zeroth spectral moment integrated

over frequencies from 0.05 Hz to 0.5 Hz to isolate contributions from surface gravity waves. Me-

dian TF predictions capture low energy trends at some sites (e.g., Site 3), but have a tendency to
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Figure 5.7: Seafloor pressure spectral density predictions at an example train timestamp (28
August 00Z) at Sites 1, 2, and 3 (a, b, and c) and at an example test timestamp (28 August 00Z) at
Sites 1, 2, and 3 (d, e, and f). Heavy lines represent mooring observations (targets) at each site.

saturate at pressure variances around 0.01 to 0.2 m2. Notably, the Median TF performs poorest

at the shallowest site, Site 1 (Figure 5.8a). Spectral NN predictions are better, but this model

still misses peaks in variance during energetic periods. The f-k CNN captures trends well during

both low and high energy periods, but is occasionally biased high relative to the target mooring

observations (e.g., the test period of Figure 5.8b).

Pressure spectra were corrected to surface elevation spectra, 𝐸(𝑓 ), using linear wave theory

(e.g., Bishop and Donelan, 1987):

𝐸(𝑓 ) = 𝑃(𝑓 )(
cosh (𝑘ℎ)
cosh (𝑘𝑧𝑠))

2

(5.4)
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where 𝑘 is wavenumber estimated from Equation 5.3 with 𝜃 = 0, and 𝑧𝑠 is the height of the

pressure sensor above the bottom (here, we assume 𝑧𝑠 ≈ 0). Depth corrections are largest at

high frequencies, which are attenuated most rapidly. Values of the pressure-to-surface transfer

function (cosh ratio term) were cut off above 25 m2/m2 to prevent the introduction of erroneous

spectral tail shapes at deeper sites. At site 3, this constraint truncates spectra above frequencies

of 0.2 Hz. In practice, an equilibrium tail, 𝐸(𝑓 ) ∼ 𝑓 4, can be appended to the spectra to extrapolate

beyond the cutoff frequencies (e.g., as done by Smith et al. (2023)).

Significant wave heights were calculated from estimated surface elevation spectra as 4√𝑚0,

where 𝑚0 is the zeroth moment of 𝐸(𝑓 ) integrated from 0.05 Hz to 0.5 Hz. Trends in model-

predicted significant wave height are similar to pressure variance (Figure 5.9). Significant wave

height errors are compressed relative to variances, since significant wave height is proportional

Figure 5.8: Seafloor pressure variance predictions at Sites 1, 2, and 3 (a, b, and c). Solid lines
represent mooring observations (targets) at each site. In each plot, open circles indicate train
data, and filled circles indicate test data.
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to the square root of variance.

Energy periods were calculated from pressure spectra as 𝑚0/𝑚1, where 𝑚0 and 𝑚1 are the

zeroth and first moments of 𝑃(𝑓 ) integrated from 0.05 Hz to 0.5 Hz. Period prediction skill is

evaluated on energy periods derived from pressure spectra, rather than surface elevation spec-

tra, since the former do not have to be truncated at high frequencies in large relative depths.

(Though energy periods derived from pressure spectra will be longer, since short period waves

are attenuated at depth.) In contrast to pressure variance and significant wave height, all mod-

els produce similar energy period predictions that agree well with mooring observations. Two

exceptions are Median TF-predicted energy periods at Site 1, which lack shape despite variation

in mooring-measured periods (Figure 5.10a), and larger errors in f-k CNN-predicted periods at

Figure 5.9: Significant wave height predictions at Sites 1, 2, and 3 (a, b, and c). Solid lines
represent mooring observations (targets) at each site. In each plot, open circles indicate train
data, and filled circles indicate test data.
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Figure 5.10: Seafloor pressure energy period predictions at Sites 1, 2, and 3 (a, b, and c). Solid
lines represent mooring observations (targets) at each site. In each plot, open circles indicate
train data, and filled circles indicate test data.

Site 3 around 24-25 August (Figure 5.10c). The latter is likely due to f-k CNN tail artifacts, shown

in Figure 5.7, which have a larger impact on energy period in low energy conditions.

Predicted versus observed spectral and bulk variables at all three sites are compared directly

in Figure 5.11 and Table 5.1. Both machine learning-based models perform better than the Me-

dian TF benchmark in significant wave height prediction skill: root mean squared errors (RMSE)

for the Spectral NN (0.3 m) and f-k CNN (0.15 m) models decreased 27% and 63% relative to the

Median TF (0.41 m), respectively. Median TF and Spectral NN models generally underestimate

wave heights, with mean bias errors (MBE) of -0.18 m and -0.2 m. This low bias predominantly

occurs in energetic conditions (Figure 5.11b). In contrast, f-k CNN significant wave height pre-

dictions are biased high (MBE = 0.008 m). Pressure spectral density predictions from the Median
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Figure 5.11: Predicted versus observed (a) seafloor pressure variance, (b) significant wave height,
and (c) seafloor pressure energy period at all three sites. Data are from the test subset only.

Table 5.1: Comparison of model performance at all three sites. Errors are calculated using pre-
dictions from the test subset only. Pressure spectral density regression metrics (MBE, RMSE, and
MAE) are averaged over frequency, and the similarity metric (Cos Sim.) is averaged over time.

Median TF Spectral NN f-k CNN

pressure spectral density MBE (m2/Hz) -0.017 -0.012 0.008
RMSE (m2/Hz) 0.095 0.078 0.047
MAE (m2/Hz) 0.027 0.022 0.016
Cos Sim. (−) 0.92 0.86 0.89

pressure variance MBE (m2) -0.008 -0.006 0.004
RMSE (m2) 0.015 0.01 0.006
MAE (m2) 0.012 0.007 0.005

significant wave height MBE (m) -0.18 -0.2 0.11
RMSE (m) 0.41 0.3 0.15
MAE (m) 0.36 0.24 0.12
MAPE (−) 39% 23% 15%

energy period MBE (s) -0.14 0.16 0.04
RMSE (s) 0.37 0.43 0.29
MAE (s) 0.29 0.35 0.21
MAPE (−) 4% 5% 3%

MBE = mean bias error; RMSE = root mean squared error; MAE = mean absolute error;
MAPE = mean absolute percentage error; Cos Sim. = cosine similarity
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TF model achieve the highest cosine similarity, a unitless measure of spectral shape similarity, at

0.92, as compared to the Spectral NN (0.86) and f-k CNN (0.89) models. This suggests the Median

TF is generally best at capturing the correct spectral shape, but misses overall energy levels (as

evidenced by its comparatively poor significant wave height performance). Spectral NN energy

period RMSE increased 16% relative to the Median TF (RMSE of 0.43 s compared to 0.37 s), but

f-k CNN errors decreased 22% (0.29 s compared to 0.37 s). The f-k CNN has the best performance

across all of the considered regression evaluation metrics. This model’s latent space is explored

in the Appendix.

5.4 Discussion

5.4.1 Temporally- and spatially-varying pressure-strain relationship

Frequency-dependent strain-rate-to-pressure transfer functions vary in time (Figure 5.4), con-

sistent with previous results (Glover et al., 2024b; Smith et al., 2023). The Oliktok point cable is

trenched approximately 2-4 m, and the full mooring record does not indicate any exceptional

wave events occurred over the analysis period, suggesting temporal variations are not due to

drastic changes in burial depth. Fiber strain has also been shown to have a linear dependence

on temperature (Sidenko et al., 2022), but we do not observe a consistent dependence of transfer

function magnitude on near-bottom water temperatures; water temperatures recorded by the

moorings range from -0.5 to 4 C and change near-monotonically in time, with the warmest tem-

peratures observed at Site 1 early in the analysis period. Another possibility is that DAS strain

is induced by along-cable pressure gradients (i.e., 𝜕𝑃/𝜕𝑥), such that variations in wave direction

yield different strain responses. Since f-k spectra (Figure 5.5) encode directional information

through Equation 5.3, this could explain why the f-k CNN outperforms the other models (which

have no directional information).

The bulk strain rate and pressure relationship is also significantly different along-cable (Fig-

ure 5.12). At Sites 2 and 3, band-passed strain rate and seafloor pressure variances (0.05 Hz to 0.5

Hz) have a positive linear dependence when pressure variance is low, but appear to saturate at
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higher pressures (Figure 5.12b–c). At Site 1, the strain rate variance and pressure variance rela-

tionship is linear but inversely proportional (Figure 5.12a). That is, larger variations in pressure

correspond to smaller variations in strain. Changes in the strain-pressure relationship correlate

well with wave direction at Sites 2 and 3. Saturation at these sites tends to occur when waves

travel at an oblique angle relative to the cable axis (Figure 5.12c). Wave direction is approximated

by fitting dispersion curves (Equation 5.3) to observed f-k strain rate spectra. Drastic differences

in cable response across the three sites may be due to differences in burial depth (approximately

2 m at Site 1 versus 4 m at Sites 2 and 3), along-cable differences in cable-to-seabed coupling,

and differences in sediment composition. Strain-pressure relationships observed on the Oliktok

cable are in stark contrast to studies that report a highly linear relationship in cables elsewhere

across a wide range of conditions (e.g., Meulé et al., 2024).

These factors—variations in the pressure-strain relationship over time and space—help ex-

plain why the Median TF struggles to predict accurate significant wave heights (Figure 5.9). This

model’s skill is weakest in high energy conditions, where the slope of the strain-pressure rela-

tionship abruptly flattens (Figure 5.12c), and at Site 1, where strain rate variance is inversely

proportional to pressure variance (Figure 5.12a). When empirically mapping strain rate spectra

Figure 5.12: Strain rate variance versus observed pressure variance, colored by wave direction,
at Sites 1, 2, and 3 (a, b, and c). Wave directions have a left-right ambiguity relative to the cable
axis. Note offset multipliers on each y-axis.
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to pressure spectra, these complex relationships necessitate the use of a model that can capture

nonlinear relationships (such as the Spectral NN or f-k CNN models). We note that the 5.8 days

used to estimate the Median TF is shorter than the optimal 10–15 day calibration period sug-

gested by Glover et al. (2024b) based on data from Duck, NC, though this duration is comparable

with the 5-day period used by Smith et al. (2023) on the Oliktok cable, albeit over a smaller dy-

namic range (𝐻𝑠 of 0–0.5 m compared to 0–2 m here). A longer dataset collected on the Oliktok

cable is needed to evaluate whether a larger training dataset improves Median TF performance,

though this may suggest machine learning methods are able learn the dependence with a shorter

training window than previous empirical methods.

5.4.2 Along-cable predictions

Predictions evaluated at Sites 1, 2, and 3 test each model’s interpolation skill, since the train and

test subsets contain similar distributions of pressure and wave parameters (assuming external

factors such as water depth and burial depth do not change drastically between train and test

periods). A different, and much harder problem, is application of the models to channels between

sites. This tests each model’s ability to extrapolate outside of the conditions used to train the

models, since these channels may have different stress responses due to varying seabed compo-

sition, burial depths, and cable coupling.

All models were used to estimate 𝑃(𝑓 ) at all 1,656 channels along the 27.1 km of cable used

in the analysis. Since the f-k CNN model processes channels in 2-km segments, along-cable

spectra were calculated in sliding windows along the cable with 50% overlap. The Median TF and

Spectral NN models were applied to the average strain spectra in each window. This produces

much smoother predictions than if the these models had been applied to spectra at individual

channels, but at the cost of smearing out signals over the 2-km window.

Wave heights predicted by the f-k CNN match observed wave heights at each site, but fluc-

tuate considerably between sites (Figure 5.13). Median TF and Spectral NN predictions are pre-

dominantly low relative to the mooring sites and have less variation with distance than f-k CNN

predictions. Exceptions are the Median TF predictions near Site 1, where this model predicts a



114

Figure 5.13: Along-cable significant wave height predictions at (a) an example train timestamp
(28 August 00Z), and (b) an example test timestamp (18 September 12Z). Root mean square strain
rate at each timestamp is shown for reference in (c). In each plot, open circles indicate train data,
and filled circles indicate test data.

jump in wave height between along-cable distances 10 and 15 m. In all cases, predicted wave

heights deviate from the null assumption that wave heights between channels are a linear inter-

polation of sites 1, 2, and 3. Observed root mean square (RMS) strain rates also show variation

with distance (Figure 5.13c), however it is difficult to infer wave height from strain rate response

since there is a nonlinear, and sometimes inverse, relationship between the two variables (Fig-

ure 5.12). Additional mooring sites, or other wave height estimates (e.g., from a regional wave

model), are required to quantify along-cable prediction skill.
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5.4.3 Spectral neural network trained on individual sites

A Spectral NN model trained on all three sites simultaneously is only marginally better at spectral

and bulk variable prediction than the Median TF. When the Spectral NN model is instead trained

on individual sites, significant wave height prediction skill is improved (Figure 5.14). This is

likely because adjacent clusters of channels have similar, but potentially still nonlinear, pressure-

strain relationships that can be captured by medium-complexity models. Thus, fully-connected

neural networks can be a sufficient tool if only regional estimates are needed along a DAS cable.

However, it is less likely that the individually-trained models will generalize well over the rest of

the cable, which is required to produce along-cable predictions (as in Figure 5.13).

Figure 5.14: Significant wave height predictions from Spectral NN models individually trained
at Sites 1, 2, and 3 (a, b, and c).
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5.4.4 Generalization to other cables

A drawback of a machine learning-based calibration is that the trained model weights are un-

likely to transfer to other cables. Cables with different properties, including cable composition,

burial depth, and coupling, will have distinct energy levels and transfer functions (Glover et al.,

2024a). The model architecture can be easily adapted to other cables used for DAS, provided

sufficient ground truth pressure spectra are available for use as training data. The f-k CNN does

not require any additional inputs aside from f-k strain rate spectra, which can be readily com-

puted from most DAS datasets. Both training and inference can be performed in reasonable time

(e.g., hours) and without GPUs. The f-k CNN and spectral NN models were kept small (< 25k

parameters), though complexity could be added if needed and if more training data is available.

Training a global model (i.e., a model that can be applied to many channels along a cable)

will likely require more than one site to use as a target. Multiple sites distributed along a cable

are necessary for capturing variations in along-cable response (Section 5.4.1). Other estimates of

seafloor pressure, such as pressure spectra inferred from surface elevation spectra (wave spectra),

can be used as targets. For instance, Smith et al. (2023) use a moored wave buoy as ground truth

by converting surface elevation spectra to seafloor pressure spectra by applying the inverse of

Equation 5.4. Alternatively, a model might be trained to predict surface elevation spectra directly

(i.e., the relationship in Equation 5.4 can be learned implicitly). If spectral information is not

required, it may also be possible to estimate bulk parameters, such as significant wave height

and energy period, directly.

5.5 Conclusions

A 10-day dataset of submarine fiber-optic cable strain rate and ground truth seafloor pressure

collected offshore of Oliktok Point, AK, demonstrates machine learning-based models can be

adept at estimating pressure spectra via DAS when simpler methods (e.g., a median transfer

function) are insufficient. Settings where the median transfer function method underperform

are characterized by dynamic wave conditions at DAS sites with a varying pressure-strain rela-
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tionship along the cable. The choice of architecture, features, and outputs chosen here are by

no means exhaustive, and future work should pursue continued model exploration and improve-

ment with an emphasis on along-cable prediction skill.
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Appendix

5.5.1 Frequency-wavenumber CNN latent space

The four dimensions of the trained f-k CNN model latent space are plotted against each other in

Figure 5.15. Points in the latent feature space, which represent the f-k spectra used for training,

were clustered using a Gaussian mixture model. Clusters generally correspond to distinct groups

of points.

The mean of 80 f-k spectra nearest to the centroid of each cluster are compared to mean f-k

spectra at the three sites in Figure 5.16. Given the visual similarities between mean f-k spectra

from the three clusters and the three sites, a plausible interpretation is that the f-k CNN model’s

latent space contains an encoding of the individual sites. Under this interpretation, predictions

at channels between training sites (e.g., along-cable predictions in Figure 5.13) are ideally an

interpolation of sites 1, 2, and 3. We stress that no information identifying the site were provided

to the model.
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Figure 5.15: Clustered f-k CNN latent space.



120

Figure 5.16: Mean of the 80 normalized f-k spectra nearest to the centroids of the three clusters
(a, b, and c) and mean normalized f-k spectra at sites 1, 2, and 3 (d, e, and f). Border colors in the
top row correspond to the clusters in Figure 5.15.
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Chapter 6

CONCLUSIONS

6.1 Summary

Chapter 2, published as Davis et al. (2023b), uses drifting wave buoy data from hurricanes Ian

(2022) and Fiona (2022) to characterize the evolution of the spectral tail and mean square slope

(mss) of waves longer than 6 m. This chapter establishes the primary dependence of mss on wind

speed in hurricanes, which is in agreement with the pioneering work of Cox and Munk (1954),

and efforts that have followed, in moderate wind conditions (≤ 15 m s-1).

Buoy observations show the dependence of mss on wind speed changes above 15 m s-1. In

high winds, increases in mss with wind speed are drastically reduced relative to moderate con-

ditions (i.e., the wind speed dependence saturates). This trend persists through the highest wind

speeds in the dataset, up to 54 m s-1. The weakening of the primary mss dependence is coincident

with changes in the measured wave spectra and underlying wavefield. At lower wind speeds, the

spectral tail (energy at frequencies past the peak) follows the canonical “equilibrium” range form,

whereby energy decays as frequency 𝑓 −4 and energy input by the wind is balanced by nonlinear

transfers and dissipation from breaking. Above 25 m s-1, the equilibrium range is progressively

narrowed, until the spectra are dominated by the “saturation” range (energy decays as 𝑓 −5). In

this regime, wind input is balanced only by dissipation, suggesting wave breaking is ubiquitous

and thereby limits wave slope.

Based on the theoretical connection between slope spectra and wind stress (e.g., Plant, 1982),

the saturation of mss at high wind speeds is plausibly related to the qualitatively-similar drag

coefficient saturation. A limitation on wave slope is indicative of increased wave breaking proba-

bility, which is one of the several proposed mechanisms for drag coefficient saturation (Takagaki

et al., 2016). Mean square slope saturation may also be related to wave tearing, another dissipa-
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tion mechanism theorized to reduce wave steepness at high winds (Troitskaya et al., 2012). Both

mechanisms are consistent with the reduced growth in surface roughness with increasing wind

speed implied by mean square slope saturation.

Chapter 3 (Davis et al., 2024a) uses data from the airborne Wide Swath Radar Altimeter

(WSRA) inside several hurricanes to investigate the mss of waves as short as 0.2 m. The radar-

derived, quasi-specular mean square slope measurements saturate at wind speeds above 25 m

s-1, consistent with buoy observations in Chapter 2. The difference of colocated buoy mss and

WSRA mss are used to estimate the mss of waves between 0.2 m and 6 m. These mss estimates

also saturate at high wind speeds, which suggest it is not just longer waves that reach a limiting

steepness above 25 m s-1, but also the short waves hypothesized to contribute significantly to

wave-induced wind stress. A simple model for estimating the frequency dependence of the high

frequency tail from colocated radar and buoy data is proposed. Estimates of the spectral tail

shape derived from colocated buoy and radar measurements are close to the canonical saturation

range tail observed with buoys (Chapter 2).

Chapter 4 (Davis et al., 2025) builds on Chapters 2 and 3 by exploring the spatial distribution

of mean square slope in Hurricane Idalia (2023). Observations from a dense array of drifting

buoys show mss has a secondary dependence (variation at a given wind speed) on the alignment

of the wind and waves, or wind-wave alignment. Wind-wave alignment is predictive of mss

deviations as large as 15% to 20% relative to a mean, primary dependence on wind speed. In a

storm-following reference frame, wind and waves are aligned (small wind-wave alignment) to

the right and rear of the storm and are crossing (moderate wind-wave alignment) in all other

regions of the storm. The secondary dependence of mss on wind-wave alignment suggests a

similar spatial distribution of mss, and thus surface roughness, within a storm. This dependence

is consistent with prior work demonstrating an increase in drag coefficient in aligned wind and

waves using observations (Zhou et al., 2022) and modeling (Manzella et al., 2024).

Chapter 5 explores the use of Distributed Acoustic Sensing to measure waves from a subma-

rine fiber-optic cable offshore of Oliktok Point, Alaska. Two new machine learning models that

estimate waves from along-cable strain were benchmarked against an empirical transfer function
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method previously used to estimate waves. The best-performing model uses machine learning

to predict seafloor pressure spectra from frequency-wavenumber strain rate spectra. This model

outperforms the empirical transfer function and a simpler neural network (both of which op-

erate only on scalar, frequency spectra) in spectral and bulk wave parameter prediction across

all considered regression metrics. Machine learning is effective even when the pressure-strain

relationship varies temporally and spatially along a cable. Subsequent applications for machine

learning-calibrated DAS in the Arctic include the study of wave-ice interactions and seasonal

variation in wave action at the coast. This chapter will be submitted for journal publication.

6.2 Future Directions

Mean square slope has been, and should continue to be, explored in connection to wind stress

and other important air-sea interaction processes. The arguments relating mean square slope to

air-sea drag presented in Chapters 2–4 are only qualitative. A clear direction for future work is

the pursuit of a quantitative relationship between mean square slope and wind stress, particu-

larly at high wind speeds. There is mounting evidence that traditional parameterizations based

on Monin–Obukhov similarity theory, which neglect surface waves, currents, and sea spray, are

not applicable in hurricanes (e.g., Smith and Montgomery, 2014; Richter et al., 2016, 2021). As

such, a connection between mean square slope and wind stress may instead take the form of

a parameterization based on computational fluid dynamics modeling (e.g., large eddy simula-

tion), controlled experimentation, or even data-driven methods. We should continue to pursue

observational methods capable of measuring fluxes and sea spray coincident with waves inside

hurricanes.

In Chapter 4, mean square slope is found to decrease with increasing wind-wave alignment.

While this trend is qualitatively consistent with the dependence of drag coefficient on wind-

wave alignment by some authors, including the indirect observations of Zhou et al. (2022) and

monochromatic wave simulations of Manzella et al. (2024), it is opposite the trend observed in

other studies. For instance, Holthuijsen et al. (2012) find a rapid increase in drag coefficient in

cross-swell conditions, relative to aligned wind and swell conditions, using drag coefficients in-
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ferred from dropsonde wind profiles and the assumption of constant-stress region within the

boundary layer (a basis of Monin–Obukhov similarity theory). Sauvage et al. (2024) find a 20%

increase in drag coefficient in misaligned wind and waves generated by passing cold fronts using

direct covariance momentum flux and wave observations. Disagreement in the sign of the depen-

dence of drag coefficient and related proxies (e.g., mean square slope) on wind-wave alignment

motivate further investigation across diverse conditions. In hurricanes, rapidly-evolving wind

and wave directions may require a more nuanced definition of wind-wave alignment, including

consideration for the direction of individually-partitioned wave components (as opposed to the

bulk wave direction used in Chapter 4). Additional hurricane wave datasets collected during

the NOPP Hurricane Coastal Impacts project (Section 1.3.1) and future field campaigns will be

useful for exploring variations in mean square slope and wind-wave alignment with storm size,

strength, and translation speed.

* * *

Chapter 5 identifies an effective machine learning-based model for predicting pressure spectra

from submarine fiber-optic cable strain, yet this effort only scratches the surface of the possi-

bilities for combining these two powerful technologies to measure waves. Sequential machine

learning models, namely recurrent neural networks, should be explored for transforming strain

to seafloor pressure in the time domain (i.e., phase-resolved wave predictions).

Future developments related to the f-k CNN model should focus on the validation of along-

cable predictions. The incorporation of physics-informed constraints (e.g., in the loss function)

may help to reduce uncertainty when these models are applied to unseen data outside the

wave and ice conditions in the training dataset. Rigorous evaluation of performance in par-

tially ice-covered periods, which are sharply heterogenous relative to the homogenous, open-

water conditions used to develop the f-k CNN model, is needed. Validation during ice cover

could use pressure mooring data from the early-summer period of the 2023 Oliktok mooring-

DAS dataset (highly-attenuated, low-energy waves) or future mooring deployments during fall

freeze-up (partially-attenuated, but moderate-energy waves). Additional comparisons with satel-
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lite observations, such as ICESat-2 or SWOT, provide opportunity for synoptic, full-cable com-

parisons. The 2-km of channels used to estimate the model’s input f-k spectra are likely to

smear-out gradients across ice, thus fine-tuning of this spatial extent is needed to determine the

trade-off between accuracy and resolution. The success of a model based on f-k spectra may

suggest wave direction is important for estimating pressure spectra from strain rate spectra. A

hybrid approach, whereby wave direction is first determined from f-k spectra and then used as

input to the spectral neural network model, should be explored for estimating pressure spectra

at individual channels. Explainable AI techniques can also be used to determine the relative im-

portance of input features, such that future deployments can focus on obtaining high quality

measurements of the most important features.

A particularly exciting future application, which unifies the two themes explored in this dis-

sertation, is the use of distributed acoustic sensing to monitor waves and water levels during

hurricanes. There is one existing and three planned (for 2026–2028) telecommunication cables

that transect the Gulf of Mexico, including cables which run offshore of Louisiana, the Big Bend

of Florida, and Southwest Florida—all of which have historically high hurricane activity. These

cables span a broad, shallow continental shelf, making them suitable for wave measurement from

the seafloor (e.g., the 20-m depth contour often lies as far as 50–70 m offshore in these regions).

A hypothetical field campaign would include the lease of one or more of these cables during

hurricane season (June to November) for continuous DAS measurement. Three or more seafloor

moorings deployed over the cable during the same period would provide ground truth wave and

water level measurements (similar to the Oliktok Point mooring-DAS dataset). Existing NDBC

wave buoys, several of which are mooring nearby to the cables, and SWOT overpasses would

provide additional training data and contextual meteorological measurements. An ideal dataset

would include multiple periods with a wide range of wave conditions for model training, valida-

tion, and testing. While direct landfall near the cable would provide the largest dynamic range,

any intense tropical cyclone that passes through the Gulf of Mexico should generate waves mea-

surable by the cable due to the relatively small basin size. Strain-to-pressure models could be

extended to lower frequencies to capture infragravity waves, which contribute to coastal flooding
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(e.g., Stockdon et al., 2007; Olabarrieta et al., 2023), but are not typically measurable by moored

surface buoys. Machine learning models specific to the cable would be developed during an ini-

tial, intense observing period, and would then be used for subsequent wave measurement during

future seasons (NDBC buoys could be used as a reference for when recalibration or additional

training is needed).

Another novel application of DAS in hurricanes is the measurement of total water level using

a cable extending onto land. A cross-shore fiber-optic cable could be laid across the beach near

a hurricane’s forecasted landfall location several days prior its arrival. Colocated cameras and

gauges (such as custom-deployed or existing systems operated by the USGS) would then be used

to derive methods for determining the wetted length of the cable, and thus local water levels,

during a storm’s passing. The estimation of shoreline position from DAS has been previously

explored by Glover et al. (2024b) using a cable installed in Duck, NC. Similar proof-of-concept

measurements could be made during winter storms on either Pacific or Atlantic coasts, where a

cable could be installed and interrogated for several months without the need for time-sensitive

deployment. This new, high-fidelity approach would add to the existing suite of water level

measurement methods used to quantify and understand coastal impacts.
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