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EPIGRAPH

All that in idea seemed simple became in practice immediately complex; as the waves
shape themselves symmetrically from the cliff top, but to the swimmer among them are
divided by steep gulfs, and foaming crests.

—Virginia Woolf, 1927



TABLE OF CONTENTS

Signature Page . . . . . . .. iii

Dedication . . . . . . . . ... v

Epigraph . . . . . . . . e v

Tableof Contents . . . . . . . . . . . . . . vi

Listof Figures . . . . . . . . . . . . viii

Listof Tables . . . . . . . . . . . . e X

Acknowledgements . . . . . .. ... xi

Vita . . e xiii

Abstract of the Dissertation . . . . . . .. . ... ... Lo XV

Chapter 1 Introduction . . . . . .. ... L 1
Chapter 2 Boundary conditions from offshore observations and global model

predictions . . . . . . . ... 7

2.1 Abstract . . . . . ... 7

2.2 Introduction . . . . . .. ... .. ... ... 8

23 Background . . . . ... 11

24 Methods . . . . . ... 15

24.1 StudyRegion . . ... ... ... ... ... .. 15

242 Swell WaveModel . ... ... ........... 15

243 Buoyobservations . .. ............... 16

2.4.4 Boundary Conditions . . . . . .. .. ... ..... 17

25 Results . . ... .. 20

2.5.1 Significant wave height, direction, and spread . . . . 20

2.5.2 Alongshore radiation stress . . . . . . ... .. ... 21

2.6 Discussion. . . . . . .. .. e 22

2.6.1 Optimal boundary condition . . . .. ... ... .. 22

2.6.2  Alongshore radiation stress & transport . . . . . . . 25

2.6.3 Coastalreflection . . . . . . ... ... ... .... 26

2.6.4 Santa Barbara Channel (SBC) . . ... .. ... .. 27

277 Summary ... ... e 28

2.8 Acknowledgements . . . . .. ... ..., 29

2A CaseStudies. . . . . . ... ..o 30

2.B Model transfer coefficients . . . . . .. ... .. ... ... 31

vi



2.C Skill Metrics . . . . . ... L 32

Chapter 3 Regional assimilation framework . . . . . . . ... ... ... .. 51
3.1 Introduction . . . . . .. .. ... ..o 51

3.2 Observations . . . . . . .. .. 53

33 Forwardmodel . .. ... ... .. ... ......... 54

34 InverseModel . . . . . . ... ... oL 58

35 Casestudies . . . . .. ... o 63

3.5.1 Syntheticinput . ... ... ... .......... 63

35.2 Realdatainput . . .. ... ... ... .. ..., 64

3.6 Discussion. . . . . ... 65

3.6.1 Assimilation method skill . . . . . ... ... ... 65

3.6.2 Modelprior, B . ... ... ... .. ........ 66

3.6.3 Implications for buoy array design . . . . . .. ... 68

377 Summary ... 70

3.8 Acknowledgements . . . . .. ... ... L. 71

Appendix A Linear propagation and along-crest homogeneity . . . . . .. .. 82
Appendix B Directional buoy observational uncertainty . . . . . . . ... ... 86
Bibliography . . . . . . ... 89

vii



Figure 1.1:

Figure 2.1:

Figure 2.2:
Figure 2.3:

Figure 2.4:
Figure 2.5:
Figure 2.6:
Figure 2.7:
Figure 2.8:
Figure 2.9:

Figure 2.10:

Figure 2.C.1:
Figure 2.C.2:

Figure 3.1:

Figure 3.2:

Figure 3.3:

Figure 3.4:

LIST OF FIGURES

Sensitivity of southern California to incoming swell directions owing
to local island sheltering and shoals

Southern California map showing offshore buoy (071, square) in
550m depth used to initialize regional model, local deep valida-
tion buoys (black triangles) in depths 100-500m, and local shallow
validation buoys (circles) in 20m depth
10-year mean wave conditions at offshore buoy 071.
(a) Normalized (to unit area) energy density versus direction for a
typical swell frequency band, at offshore buoy 071. Methods (see
legend) are buoy only (MEM, MRM, BDM), model only (WW3),
and combinations (CMB-LH, CMB-AD)J) 41
Model performance at each southern California nearshore buoy location 42
Observed (black, local buoy) and predicted (using methods in legend)
mean Sy, at local shallow (20m depth) buoy sites (arranged South to

Northon x-axis) . . . . . . . . . . . v i i it e e 43
(a) Plan view of Oceanside Harbor with buoy 043 (black diamond)
and depth contours (grey curves, 20m intervals) . . . . . . . . . .. 44
Offshore wave energy versus direction for three cases: (a) and (b)
unimodal, (¢) and (d) bi-modal, and (e) and (f) multi-modal 45
Mean R? between GWM directional spectrum compared and recre-
ation with 2™ order moments . . . . . . ... ... .. ... ... 46
(a) Hgig and (b) directional spread (o) versus time (UTC) for a low
frequency swell event (f ~ 0.06Hz) at buoy 172 in 20m depth . . . 47
Model (CMB-ADJ boundary condition) directional spread () pre-
diction bias at local buoy sites shown in color (see colorbar) in left
halfofsquare . . . . . . . . . . ... ... . 48
Extreme wave conditions during January 2008 . . . . ... .. .. 49
Same as Fig. 2.C.1, but for October 2008. . . . . . ... ... ... 50
Southern California Bight (SBC) mooring locations of deep (D) and
shallow (S) water CDIP wave buoys. Grey contours show 20m, 50m,
200m, and 500m isobaths . . . . . . . . . . . . ... ... .. .. 74
(a) Nearshore ray angle versus offshore ray angle for rays traced
backwards from buoy site D8 traced with 0.07Hz wave energy phase
speeds . . . . L e e 75
(a) Time-invariant transfer coefficient versus offshore direction at
deep water SCB buoy sites (labeled) for energy, a,, (black) and
directional moments . . . . . .. ... ... ... ... 76
A synthetic example of the assimilation technique . . . . . . . . .. 77

viii



Figure 3.5:

Figure 3.6:

Figure 3.7:

Figure 3.8:

Figure A.1:

Figure A.2:

WW?3 time (solid, left-axis) and direction (dashed, right-axis) decor-
relation length scales versus frequency. Deccorrelation length scales

are determined by best fit to gaussian (Eq. 3.13) of WW3 autocorre-
lation function. . . . . . ... Lo oL
Offshore directional spectra (left) and energy observations and pre-
dictions at buoy sites (right) at the 0.06Hz swell band frequency for

a wave event during January 2008 . . . . . .. ... ... L.
Predicted versus observed E, integrated across swell frequency bands

and temporally averaged, foreach casestudy . . . ... .. .. ..
(a) H (black, left-axis) and 0,, (red, right-axis) RMSE of INV pre-
dictions at specified validation sites . . . . . . ... ... ... ..

Schematic of along-crest spatial homogeneity assumption and linear
wave propagation at the group velocity . . . . . . ... ... ...
(a) Map of southern and central California showing locations of
E(f,0) GWM (NOAA-WW3) predictions for 2000-2007 . . . . . .

X



Table 2.1:
Table 2.2:
Table 2.3:

Table 2.4:

Table 2.5:
Table 2.6:

Table 3.1:

Table 3.2:

LIST OF TABLES

Wave buoy names, depths, and site occupation dates. . . . . . . . . .
Mean model skill at local local deep buoys. . . . . . ... ... ...
Model skill rankings averaged across deep local buoys for various

boundary conditions and select metrics (low ranking indicates higher

skill) . . o L
Mean skill for best models (CMB-ADJ, MEM, BDM) ranked across

local deep buoys for select metrics (low ranking indicates higher skill).
Buoys are listed northtosouth. . . . . ... ... ... ... ....
Model skill at local deepbuoys . . . . . .. ... ... ... ....
Model skill at local shallow buoys . . . . . ... ... .......

Deep and shallow water buoys site CDIP (Coastal Data Information
Program) and NOAA (National Oceanic and Atmospheric Adminis-
tration) identification numbers. . . . . . . . . . ... ... ... ..
Mean RMSE of H, and 6,, at validation buoy sites for each case study
with WW3, INV, and MEM boundary conditions. INV solutions
estimated with buoys D1, D5, D6, D8 included in the inversion. . . .

73



ACKNOWLEDGEMENTS

I owe many thanks to my thesis advisor Bob Guza, he instilled in me the im-
portance of details (the devil’s residence) and clarity (a weak point of mine). Guza
also insisted that time was my most valuable asset; however, it is only now (at the 11th
hour) I believe him. I also thank my coauthors, Bill O’Reilly and Bruce Cornuelle,
who have shared with me their knowledge and helped steer my research in productive
directions. And thanks to Falk Feddersen, Rob Pinkel, and Geno Pawlak for serving on
my committee and helping shape my work. I am fortunate to have studied at Scripps Insti-
tution of Oceanography (SIO), the vibrant research community has shaped my education.
My professors including, Clint Winant, Lynn Talley, Robert Pinkel, Myrl Hendershott,
Jennifer MacKinnon, Dean Reommich, Bill Young, Falk Feddersen, Bob Guza, Peter
Franks, and Cathy Constable all taught excellent courses that I will always refer to.

I owe many thanks to the SIO student community: My awesome PO cohort,
Julia Fiedler, Martha Schonau, and Spencer Jones; [ would not have survived first year
classes without you. My CCS basement colleagues, Bonnie Ludka, Matt Spydell, Greg
Sinnet, Dereck Grimes, Nirnimesh Kumar, and Ata Suanda; always providing engaging
scientific discussion, and keeping me sane during our many years in the dark and damp.
Additionally, many thanks to Julia and Bonnie, my co-teachers of “Physics of the Ocean
World” summer course.

I also thank my loving partner Eiren Jacobson, for her unwavering support and
understanding. And to my family for understanding my need to stay in school another
five and a half years.

This study was funded by the California Department of Parks and Recreation,
Division of Boating and Waterways Oceanography Program, the United States Army
Corps of Engineers, and the California Sea Grant Traineeship Program.

Chapter 2, in full, is a reprint with some additions and modifications of the paper,

X1



”Modeling Long-Period Swell in Southern California: Practical Boundary Conditions
from Buoy Observations and Global Wave Model Predictions” published in the Journal
of Atmospheric and Oceanic Technology by S. C. Crosby, W. C. O’Reilly, and R. T. Guza
in 2016. The dissertation/thesis author was the primary investigator and author of this
paper.

Chapter 3, in full, is a reprint with some additions and modifications of the
paper, ”Assimilating global wave model predictions and deep water wave observations in
nearshore swell predictions” that is currently under review by the Journal of Atmospheric
and Oceanic Technology. Authors include by S. C. Crosby, B. D. Cornuelle, W. C.
O’Reilly, and R. T. Guza. The dissertation/thesis author was the primary investigator and

author of this paper.

Xii



VITA

2009 B. S. Applied Physics,
B. A. Economics, Cum Laude
University of California, Santa Cruz

2013 M. S. Oceanography,
Scripps Institution of Oceanography,
University of California, San Diego

2017 Ph. D. Oceanography,
Scripps Institution of Oceanography,
University of California, San Diego

PUBLICATIONS

Crosby, S. C., B. D. Corunelle, W. C. O’Reilly, and R. T. Guza, Assimilating global wave
model predictions and deep water wave observations in nearshore swell predictions, J.
Atmospheric and Oceanic Tech., Submitted 1/5/2017, in review.

Kumar, N., D. L. Cahl, S. C. Crosby, G. Voulgaris, Bulk vs. Spectral Wave Parameters:
Implications on Stokes Drift Estimates, Regional Wave Modeling, and HF RadarsAppli-
cations, J. Physical Oceanography, Accepted 2017, in press.

Crosby, S. C., W. C. O’Reilly, and R. T. Guza, Modeling long period swell in southern
California: practical boundary conditions from buoy observations and global wave model
predictions, J. Atmospheric and Oceanic Tech., 2016.

Ludka, B. C., T. Gallien, S. C. Crosby, and R. T. Guza. Mid-El Nino erosion at nourished
and unnourished southern California Beaches, Geophysical Research Letters, 2016.

Collier K., T. Cunnington, S. C. Crosby, V. Fadeyev, F. Martinez-McKinney, K. Mistry,
B. A. Schumm, E. Spencer, A. Taylor, M. Wilder. Microstrip electrode readout noise
for load-dominated long shaping-time systems, Nucl. Instr. Meth. Phys. Res., Vol. 729,
2013.

PRESENTATIONS

Crosby, S. C., B. D. Cornuelle W. C. O’Reilly, R. T. Guza. Assimilating coastal wave
buoy observations and global wave model predictions in regional wave models.. Oral
presentation the American Geophysical Union Fall Meeting, San Francisco, CA, Dec
2016.

Xiii



Rhee K., S. C. Crosby, J. W. Fiedler. Observations of High-frequency Internal Wave

Energy Offshore of Point Loma, California. American Geophysical Union Fall Meeting,
New Orleans, LA, Dec 2016.

Fiedler J. W., V. M. Tamsitt, S. C. Crosby,, B. C. Ludka. Experiential Learning: High
School Student Response to Learning Oceanography at Sea. American Geophysical
Union Fall Meeting, New Orleans, LA, Dec 2016.

Crosby, S. C., B. D. Cornuelle W. C. O’Reilly, R. T. Guza. Combining global wave
model predictions and regional buoy observations: a Southern California case study.
Invited seminar at US Army Corps of Engineers, Vicksburg, MI, Nov 2016.

Crosby, S. C., B. D. Cornuelle W. C. O’Reilly, R. T. Guza. Assimilating coastal wave
buoy observations and global wave model predictions in regional wave models. Oral pre-
sentation at Eastern Pacific Ocean Conference, Mt. Hood, Oregon, Sept 2016. Awarded
best student presentation

Crosby, S. C., W. C. O’Reilly, R. T. Guza. Modeling long period swell in southern
California: Practical boundary conditions from buoy observations and global wave model
predictions. Poster presentation at Ocean Sciences Meeting, New Orleans, LA, Feb 2016.

Crosby, S. C., W. C. O’Reilly, R. T. Guza. Regional Nearshore Wave Prediction: A
Sediments Perspective. Oral presentation at Coastal Sediments, San Diego, CA, May
2015.

Crosby, S. C., W. C. O’Reilly, R. T. Guza. Improved Temporal Smoothing for Wave
Buoy Observations, Poster presentation at American Geosciences Union Fall Meeting,
San Francisco, CA, Dec 2014

Crosby, S. C., W. C. O’Reilly, R. T. Guza. Improving Coastal Wave Estimates by
Combining Buoy Observations with Global Wave Models. Oral presentation at Ocean
Sciences Meeting, Honolulu, Hawaii, Feb 2014.

X1V



ABSTRACT OF THE DISSERTATION

Predicting coastal waves with buoy observations and global model output: a
Southern California case study

by

Sean Christopher Hunter Crosby

Doctor of Philosophy in Oceanography

University of California, San Diego, 2017

Robert T. Guza, Chair

Accurate coastal wave predictions are needed to support nearshore process mod-
eling (transport, erosion) and local risk assessment (flooding, inundation). Small errors
in direction or frequency have relatively large impacts to transport, run-up estimates.
Nearshore prediction error is often dominated by offshore uncertainties in regional mod-
els. Detailed, frequency-direction, spectra are needed offshore to accurately estimate
blocking and refraction in sheltered regions, e.g. the Southern California Bight (SBC).

Here, nearshore prediction skill using both global wave model predictions and

offshore buoy observations in the offshore boundary condition is compared for swell-
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band wave energy (0.04-0.09Hz). Despite inherent directional ambiguity, offshore
buoy observations yield a more accurate boundary condition. Analytical and ah hoc
combinations global model predictions and offshore buoy observations are tested and
yield worse and marginally improved predictions respectively (as compared to buoy-
driven predictions).

Coastal regions often contain sheltered nearshore wave observations. Assimilat-
ing nearshore observations in regional wave models theoretically will improve regional
skill. However, nonlinear wave propagation models (e.g. SWAN, WW3) are difficult
to invert. Recent developments employ variational methods, but success in complex
real-world environments has yet to be observed. At swell-bands wave energy propagation
across narrow shelves (e.g. U.S. West Coast) is dominated by linear processes (refraction,
shoaling) and well modeled by self-adjoint ray tracing. Here, a general assimilation
framework is developed to estimate physically smooth (time, direction), accurate, off-
shore boundary conditions from offshore and sheltered buoy observations with global
model predictions included as a model prior. Case studies show error reduction at valida-
tion (non-assimilated) buoy sites suggesting that assimilation of nearshore observations
improves regional skill. Initial results suggest that few (1 offshore, 1-2 nearshore) buoys
are needed to sufficiently resolve offshore conditions, which has implications for cost-
effective buoy array design. Additionally, buoy sites with significant misfit to assimilated
observations identify regions of model error suggesting missing model physics (e.g.

diffraction, reflection).
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Chapter 1

Introduction

Coastally incident wave energy drives erosion of cliffs and beaches; along- and
cross-shore transport of sediments, pollutants, and biota; and flooding and inundation.
These processes threaten our large coastal population. Additionally, rising sea levels
increase exposure to wave-driven erosion and flooding, changing storm characteristics
modulate local climatology (Stocker et al., 2013); and the growing global coastal popula-
tion further heightens socio-economic risk (Nicholls, 2010). Quantification of existing
and future vulnerabilities necessitates long-term, accurate coastal wave predictions. This
dissertation develops methods to improve coastal wave predictions by combining offshore
and nearshore buoy observations and global wave model predictions in regional wave
models.

Wave energy, generated by distant (Snodgrass et al., 1966) and local (Hasselmann
et al., 1973) winds arrives at the coast in a range of frequencies (f), and from a variety of
directions (0). Directional wave buoys equipped with GPS or accelerometers measure
vertical and horizontal motions of the sea surface, and have been deployed along our
coastlines for over 30 years. Directional wave buoys yield good estimates of some

wave parameters, e.g. significant wave height, period, and mean direction; however,



estimates are limited to individual locations and those observations provide an incomplete
description of the detailed wave energy spectrum, E(f,0) (Ochoa and Delgado-Gonzélez,
1990).

Phase-averaged wave models solve for E(f,0) in the spectral wave action equa-
tion (Hayes, 1970) to make continuous (space and time) wave estimates. The wave action
balance describes energy propagation in changing depths and currents, and parameterizes
high-order effects including diffraction (Holthuijsen et al., 2003), triad (Beji and Battjes,
1993) and quartet (Hasselmann et al., 1985) interactions, dissipation, and wind-wave
generation (Rascle et al., 2008). Global models, e.g. WaveWatch 3 (WW3) (Tolman,
2009), are forced by satellite observations of wind stress, e.g. QuikSCAT (Ricciardulli
and Wentz, 2011), and provide coastal estimates of E(f,0)!.

At regional scales global wave model predictions are relatively coarse (~ 4km),
and though parameterizations, numerics, and global wind coverage continue to improve
(Ardhuin and Roland, 2013; Cavaleri et al., 2007), predictions contain errors and bias.
High-resolution (~ 500m) regional wave models, e.g. Simulating WAves Nearshore
(SWAN, Booij et al., 1999), are typically used for regions of interest and require wave
information at offshore boundaries. Frequently global wave model predictions are used
to force the offshore boundary, (e.g. Garcia-Medina et al., 2013); however, local buoy
observations are also used (e.g. O’Reilly et al., 2016). Both approaches suffer from
inherent limitations: global model inaccuracies and fundamental uncertainty in directional
buoy observations (Longuet-Higgins et al., 1963; Ochoa and Delgado-Gonzélez, 1990,
see Section 2.3).

Previous studies suggest that the offshore boundary condition uncertainty can

dominate regional prediction errors (Rogers et al., 2007; O’Reilly et al., 2016), rather

I'Storage constraints limit the output locations of complete E(f,8) spectra. Typically at existing buoy
sites and coarsely spaced coastal locations complete spectra are saved. Only integrated wave parameters
are available at grid locations.



than model numerics or physics. Compared to the U.S. East Coast where bottom
dissipation can be significant and complex (Ardhuin et al., 2003), the U.S. West Coast
continental shelf is deep and narrow. Additionally, a majority of wave energy arrives
at low frequencies (swell-band, < 0.09Hz) where nonlinear spectral transfers, white
capping, and wind generation are generally minimal, e.g. the Pacific Northwest (Garcia-
Medina et al., 2013). Consequently, regional swell-band energy is well modeled by
simple linear assumptions (O’Reilly and Guza, 1993; O’Reilly et al., 2016), and offshore
boundary condition uncertainty dominates prediction error. Sheltered regions, such as
the Southern California Bight (SBC), are particularly sensitive to offshore directional
details (Fig. 1.1). The patterns of sheltering by the Channel islands and Pt. Conception
change rapidly with varying offshore wave angle, and therefore first-order estimates of
nearshore energy are dependent on high-order offshore directional details; details that
neither buoy observations nor global wave model predictions adequately describe.

In Chapter 2 (Crosby et al., 2016), offshore buoy observations (cdip.ucsd.edu/)
and global wave model predictions (WW3, Chawla et al., 2011) are compared as
boundary forcings for regional wave predictions in the SCB. Model skill is evaluated at a
large array of buoy observations inside the SCB and results suggests that offshore buoy
observations, despite inherent directional limitations, provide more accurate boundary
information than global wave model predictions. Commonly used techniques to estimate
E(f,8) from directional buoy observations® are compared and skill is similar. Given the
different limitations in global model predictions and buoy observations, two methods to
combine them are developed and tested: one analytical (Long and Hasselmann, 1979),
the other ad hoc. Surprisingly, results indicate worse skill for the analytical method,

and only marginal improvement for the ad hoc method, as compared to buoy-driven

2Complete wave energy spectra, E(f,0), can be estimated from limited directional constraints with
user-specified assumptions. Commonly used methods maximize entropy (Lygre and Krogstad, 1986) or
smoothness (Herbers and Guza, 1990; Hashimoto and Kobune, 1988) of the directional spectrum.



predictions. Optimal combination of buoy observations and global model predictions is
not trivial owing in part to the lack of detailed uncertainties in global model predictions.
Plausible uncertainty estimates are generated in Chapter 3 for a more general inverse
framework.

Offshore buoy observations provide valuable information for initializing regional
wave models; however, sheltered nearshore observations could add additional regional
skill. Existing assimilation techniques (Walker, 2006; Veeramony et al., 2010; Orzech
et al., 2013) apply variational approaches, necessitating an adjoint to the spectral action
equation. This approach is computationally costly, often used in stationary homogenous
conditions, and thus far has not been applied to complex real-world settings. In Chapter
3, an alternative methodology is developed to assimilate nearshore buoy observations and
offshore global model predictions. The method assumes linear wave energy propagation,
valid for swell energy on the U.S. west coast (Crosby et al., 2016), and employs a general
Bayesian framework that is computationally rapid and allows temporal variation. Initial
testing shows consistent nearshore prediction improvement for several short-term (4-day)
case studies.

Buoy observations are expensive to deploy and maintain, however, working
assimilation techniques allow assessment of regional value (i.e. added skill). Initial
analysis of case studies suggest that for swell energy in the SCB few buoys (1-2 offshore,
1-2 nearshore) are sufficient, and additional observations do not add appreciable skill.
By varying the buoy sites assimilated, those of greatest value can be identified, aiding in
optimal buoy array design. Additionally, poorly predicted regions can be identified by
poor fit to the assimilated model, e.g. Santa Barbara Channel (Fig. 2.1). With boundary
condition uncertainty reduced, these regions indicate missing model physics, e.g. coastal
reflection, diffraction, and may be corrected by identifying the missing processes or

parameterizing an empirical correction.



As global wave model predictions continue to improve the necessity of existing
buoy sites will diminish. Comparisons and assimilation methods detailed here will aid in
the assessment of buoy observation site value to regional prediction skill. Additionally,
overall regional skill is improved and allows better estimation of nearshore processes

(erosion, transport, flooding) impacting increasingly populated and vulnerable coastlines.
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Figure 1.1: Narrow banded (0.0675-0.0725Hz) incident energy at varying directions
(2-deg directional bin width) in the Southern California Bight. Offshore wave heights
(white) are modulated by regional bathymetry and patterns of sheltering (blue) and
focusing (red) vary rapidly in space and with incident direction (see colorbar).



Chapter 2

Boundary conditions from offshore
observations and global model

predictions

2.1 Abstract

Accurate, unbiased, high-resolution (in space and time) nearshore wave predic-
tions are needed to drive models of beach erosion, coastal flooding, and alongshore
transport of sediment, biota and pollutants. On sheltered shorelines, wave predictions are
sensitive to the directions of onshore propagating waves, and nearshore model prediction
error is often dominated by directional uncertainty offshore. Here, regional wave model
skill in highly sheltered southern California is compared for different offshore boundary
conditions created from offshore buoy observations and global wave model hindcasts
(NOAA WW3). Spectral ray-tracing methods are used to transform incident offshore
swell (0.04-0.09Hz) energy at high directional resolution (1°). Model skill is assessed for

predictions (wave height, direction, directional spread, and alongshore radiation stress) at



16 nearshore buoy sites between 2000 and 2009. Buoy-derived boundary conditions using
various estimators (maximum entropy, maximum smoothness) have similar skill and all
out-perform WW3-derived boundary conditions. A new method to estimate offshore
boundary conditions, CMB-ADJ, combines buoy observations with WW3 predictions.
Although CMB-ADJ skill is comparable to buoy-only methods, it may be more robust in
varying regions and wave climatologies, and will benefit from future improvements in
GWM predictions. A case study at Oceanside harbor shows strong sensitivity of along-
shore sediment transport estimates to boundary condition method. However, patterns in
alongshore gradients of transport (e.g. the location of model accretion and erosion zones)
are similar across methods. Weak, tidally-modulated, coastal reflection is evident in both
shallow and deep buoy observations, and significantly increases the observed directional

spread.

2.2 Introduction

Nearshore waves impact port and waterway operations, beach recreation, boating
safety, and contribute to coastal inundation. Over decades, nearshore wave energy
shapes the coastline by eroding beaches and transporting sediment alongcoast. Accurate,
high-resolution wave predictions are needed in hindcast, real-time, and forecast modes.
Operational global wave models (GWMs) have good skill due to recent improvements
of model parameterizations (Ardhuin et al., 2010), development of obstruction grids
(Chawla and Tolman, 2008), faster computers, and increasing satellite global wind
coverage. However, GWM spatial resolution is typically too coarse to properly resolve
local islands, shoals, and rough coastline features, e.g. Southern California (SC) shown
in Fig. 2.1.

Higher resolution nearshore wave predictions are obtained by dynamical down-



scaling, i.e. the use of regional nonlinear 3" generation wave models, e.g. (Garcia-
Medina et al., 2013). Though large regions and long time series can require significant
computational resources, statistical and/or hybrid downscaling methods can reduce com-
putational expense (Camus et al., 2011, 2013). Hybrid methods model a small set of
representative wave conditions, forming a lookup table that is used to create continuous
predictions. When the local wave climatology is relatively simple, e.g. limited exposure
to large ocean basis, hybrid methods work well. However, in regions with wide expo-
sure and many energy sources, the model lookup table required to adequately represent
possible conditions may become unmanageably large.

In some regions for some frequencies, e.g. swell energy on the U.S. West Coast,
refraction and shoaling dominate the wave field, and nonlinear interactions and energy
sources/sinks can be ignored (O’Reilly and Guza, 1993; O’Reilly et al., 2016). High
spatial, directional and temporal resolution at small computational costs can be achieved
by using ray-tracing methods to linearly propagate offshore energy inshore (Dorrestein,
1960; Longuet-Higgins, 1957). Here, we use these linear energy propagation techniques
for swell band waves (0.04-0.09Hz) in SC, modeling ~60% of the total shoreward wave
energy flux (Fig. 2.2). Swell model prediction skill at nearshore buoy sites is compared
for different offshore boundary condition parameterizations.

In many populated regions both offshore GWM predictions and buoy observations
are available to parameterize a regional wave model boundary. These two data sources
are generally independent since operational GWMs do not yet assimilate local buoy
observations, though data assimilation is an active area of research (Orzech et al., 2013;
Panteleev et al., 2015). When local wave observations are sporadically available (typically
in the case of satellite altimetry or short-term buoy observations) biases can be removed
from continuous GWM predictions (Minguez et al., 2011), and the calibrated predictions

are then used for the model boundary condition. However, when long-term offshore wave
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buoy records are available, it is not clear how to best specify the model boundary condition.
GWM predictions have skill, but still suffer from errors and biases. Additionally, GWM
predictions are not typically available in complete frequency-directional detail at all
model grid points. In contrast, buoy observations provide an accurate energy distribution
in frequency, but have significant directional ambiguity (Ochoa and Delgado-Gonzélez,
1990). Rogers et al. (2007) created an operational wave model for southern California
(SC) using offshore buoy observations for some model boundaries and GWM predictions
for others. In their discussion they experimented with a combination of offshore GWM
directional predictions and non-directional (e.g. energy only) buoy observations, but
found that the combination could increase nearshore prediction errors during bimodal
(northern and southern) conditions, common in SC. Here, we extend the preliminary
discussion in Rogers et al. (2007), and consider in detail the skill of using GWM and
buoy observations in the boundary condition for our SC swell wave model. We examine
the predictive skill for significant wave height, wave direction, and alongshore radiation
stress with different boundary forcings. We find that buoy observations provide more
accurate boundary condition information than GWM predictions and that surprisingly,
combinations of GWM and buoy observations are no more skillful than buoy observations
alone. While our study is limited to remotely generated swell wave energy, future work
will consider the more difficult question of using of GWM and buoy observations for the
boundary condition at higher frequency wave energy, where local wind generation may
be important.

Section 2.3 discusses the limitations of directional wave buoy observations and
various methods typically used to construct directional spectra. Additionally, formulations
for alongshore radiation stress and alongshore transport are reviewed. Section 2.4
describes the study region, buoy observations, wave model methodology, and boundary

condition methods tested. Section 2.5 compares the skill of different boundary conditions.
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Section 2.6 discusses regional model error, examines the effect of small directional biases

in the context of alongshore transport, and considers the effect of weak coastal reflection.

2.3 Background

Phase-averaged offshore wave energy, F(f,0), is decomposed into the total
energy, E(f), at each frequency band, f, and a normalized directional distribution,

D(f,0), such that
F(f.8) =E(f)D(f,6) (2.1)

Using accelerometers or onboard GPS, directional wave buoys measure vertical and
horizontal surface translations. Once transformed into frequency space, combinations of
co- and quad-spectra provide estimates of E(f) and four integral constraints on D(f,0)
(Longuet-Higgins et al., 1963; Long, 1980). Dropping f for clarity, the directional

constraints in matrix notation are

aj /' D(8)cos6db

b D(8)sin6d0
d=| '| = J D(®)sin . (2.2)

a [ D(B)cos26d6

by [D(8)sin204d0

Additionally normalization yields,
/D(G)de =1, (2.3)
and the energy cannot be negative,

D(8) >0. (2.4)
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The directional constraints on D(8) in (2.2), often referred to as low order moments,
can be used to estimate the bulk directional properties: mean direction (0), spread (o),
skewness, and kurtosis. Additionally, first (a;,b;) and second (a3, b;) low order moments

can be used independently to estimate 0 and ¢ such that

0, = arctan(b; /ay)
0, = 2arctan(by /a;)
o1 = /21— (@] +7)172)

02 = /11— (&3 +83)17)

(2.5)

(Kuik et al., 1988; Herbers et al., 1999, 2012). The 180° ambiguity in 0, does not differ-
entiate between normally incident waves and their specular reflection. The corresponding
o, estimate is advantageous when the properties of incoming waves only are sought,
whereas G is a sensitive reflection detector (Herbers et al., 1999). Statistics of directional
moments and bulk properties for a finite length buoy record are in Long (1980) and Kuik
et al. (1988).

Low order moments are accurately measured by a Datawell directional wave
buoy (O’Reilly et al., 1996), but they do not define a unique directional spectrum
(Ochoa and Delgado-Gonzalez, 1990), and a continuous or finely discretized D(0)
is needed at wave model boundaries. Estimating D(0) from limited information in
(2.2,2.3,2.4) is a classic geophysical inverse problem (Backus and Gilbert, 1967) requiring
an additional subjective constraint. Minimum roughness (d>D/d8?) yields the simplest
solution consistent with the data and is often used (Constable et al., 1987). In the last four
decades various constraints have been used to find D(6) given observed buoy moments
and constraints (2.3,2.4), including maximum entropy (Kobune and Hashimoto, 1986;

Lygre and Krogstad, 1986), minimum roughness (Herbers and Guza, 1990), and others
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(Oltman-Shay and Guza, 1984; Hashimoto and Kobune, 1988). These methods optimize
different flavors of smoothness, and the ability of each constraint to accurately represent
the true directional spectrum likely varies regionally and seasonally. All smoothness
constraints necessarily fail when the true D(0) is complex owing to multiple directional
sources. As an alternative to smoothness, Long and Hasselmann (1979) presented a
method to find the D(0) that is consistent, in a least-squares sense, with both measured
buoy moments and an a priori preferred spectrum (e.g. generated by a GWM).

The uncertainty inherent in buoy observations is illustrated in Fig. 2.3a; the same
buoy observations (2.2), typical of bimodal directional spectra in SC, are input to the
Maximum Entropy Method (MEM, Lygre and Krogstad, 1986), minimum roughness
method (MRM, Herbers and Guza, 1990), and the Bayesian Direct Method! (BDM,
Hashimoto and Kobune, 1988). Although the direction of the primary NW peak is fairly
consistent, the estimators disagree on amplitudes and widths of the two peaks even
though each of these distributions are consistent with the same deterministic low order
moments. Furthermore, each of these estimates vary considerably owing to statistical
fluctuations of d in (2.2). For a typical 1-hour buoy record, known uncertainty in the low
order moments (Long, 1980) is used to generate many (N=10,000) random realizations
of d. MEM and MRM methods are then used to create many realizations of D(8) from
which a probability distributions is created illustrating the statistical uncertainty (Fig.
2.3b,d). Fig. 2.3c shows a similarly derived distribution for a method combing buoy
observations and GWM predictions introduced in Section 2.4.4. Three hour averaging of
buoy observations is used in our analysis to reduce the statistical blurring of D(8).

Intuition about the fundamental limitations of buoy observations follows from
considering the number of system knowns and unknowns. Buoy observations provide five

knowns (2.2,2.3). A uni-modal system can be described by a mean direction, amplitude,

'The method is often unstable for point-source wave observations, e.g. buoy or PUV; however, we
ignore the AIC criterion and seek a stable spectra with closest fit to the observed low order moments.
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directional spread, skewness, and kurtosis (five unknowns). A bi-modal system can be
described with two peak amplitudes, two peak directions, with one known left to describe
(poorly) both peak widths. Properties of two individual peaks are blurry, and with more
than two peaks, buoy moments cannot even describe peak locations and amplitudes.
Despite these inherent limitations, directional buoys measure the alongshore
radiation stress, Sy,, exactly, without the need to estimate D(f,0) (Longuet-Higgins and

(r)

Stewart, 1964). S,y is directly proportional to the low order moment b, © where,

Sxy://[%g}E(f)D(f,B)sinGcosOdef

N (r) 20
= [ [E] el (r)as

and bg) is the buoy moment rotated into the local shore-normal reference frame. Sy, is
an important driver of alongshore currents (Guza et al., 1986) and transport (Komar and
Inman, 1970). In the frequently used CERC transport formula (Komar and Inman, 1970)

the immersed weight of sediment, /, is

in20
[=KEc,—

breaking 2.7)
= KSyycp

breaking

where ¢, is group velocity, ¢, is phase velocity, and K is an empirical constant typically
0.4 — 0.8. The simplistic CERC formula performs similarly to sophisticated process

models (Haas and Hanes, 2004).
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2.4 Methods

2.4.1 Study Region

Southern California (SC) extends from Pt. Conception to the US/Mexico border
(Fig. 2.1), and is exposed to distant north and south Pacific storms as well as local
wind-swell (Adams et al., 2008). Complex coastal bathymetry and shadowing from
offshore islands create a spatially variable nearshore wave field that is extremely sensitive
to the offshore wave direction. Directional inaccuracies of the waves specified at the
offshore boundary are believed to be the dominant source of wave model prediction error

in southern California (O’Reilly and Guza, 1993; Rogers et al., 2007).

2.4.2 Swell Wave Model

Modern 3™ generation wave models [e.g. WaveWatch ITT (WW3) and Simulating
WAves Nearshore (SWAN)] solve the spectral wave-action equation (Hayes, 1970) which
includes refraction, shoaling, wind generation, nonlinear wave interactions, wave-current
interactions, white capping, bottom dissipation, and depth-limited breaking. These com-
monly used, state-of-the-art models are computationally expensive with high spatial
resolution and long duration. In SC, the transformation of low frequency (0.04-0.09Hz)
swell is dominated by island sheltering, and bathymetry-controlled shoaling and refrac-
tion (O’Reilly and Guza, 1993; O’Reilly et al., 2016). Our SC swell wave model, limited
to 0.04-0.09Hz frequencies, captures these effects using frequency-direction depen-
dent transfer coefficients derived from backwards ray-tracing methods, see Section 2.B,
Longuet-Higgins (1957), Dorrestein (1960), and Mehaute and Wang (1982). The transfer
coefficients represent a linear relation between the offshore and nearshore wave field.
Because energy travel time across SC can be significant, 10+ hours, frequency-direction

dependent time lags are included by assuming energy propagation at the theoretical group



16

velocity (Fig. A.1), following O’Reilly and Guza (1998) and O’Reilly et al. (2016). This
methodology significantly reduces computation expense, but requires the assumption
that offshore wave conditions are spatially homogenous (with time lags) in the along-
crest direction (Fig. A.1). This contrasts with typical modern wave models that accept
heterogeneous boundary conditions offshore. However, offshore GWM predictions con-
firm along-crest spatial homogeneity over the few 100km scales of SC for the remotely
generated waves that dominate the swell-band (< 0.09Hz), details in Appendix A. Our
swell model predictions are therefore a linear function of offshore energy, E(f,0), with
an appropriate time lag, t(f,90).

The swell model captures approximately 60% of offshore energy flux (Fig. 2.2b).
Model transfer coefficients are created at a 0.005 Hz frequency resolution, typical of
buoy hourly records, and 1° directional resolution that is higher than commonly used, but
desired for directionally sensitive SC. The linear framework allowed for relatively rapid
testing of different boundary conditions from 2000-2009. All wave properties discussed

in the following are swell-band averaged such that some property X is

09
[ EN)x(f)df

0.04

.09
J E(f)df

0.04

X =

2.4.3 Buoy observations

Quality controlled, hourly, Datawell directional buoy observations (energy and
low order directional moments) from the Coastal Data Information Program (CDIP,
http://cdip.ucsd.edu/) were smoothed with a 3-hour running mean. The reduction of sta-
tistical uncertainty with three-hour smoothing is particularly important for low-frequency
narrow-banded swell where the effective degrees of freedom (EDOF) are low (Elgar,

1987). In extreme cases (e.g. 20 second SW swell) the EDOF of a 1-hour buoy record
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can be less than 100 for the entire swell band spectrum, corresponding to approximately
a £25% uncertainty (90" percentile) in measured energy. Swell conditions are often
stationary for three hours, and minimal temporal resolution is lost. The regional wave
model is initialized with the exposed, offshore buoy, 071, in 550m water depth. The
model is tested with nine coastal deep water buoys in depths ranging from 180-500m, and
eight local shallow water buoys in 20m depth (Table 2.1, Fig. 2.1). Buoy site occupation
duration varied (Table 1). Shallow buoys were typically deployed for the shortest times,

approximately one year.

2.4.4 Boundary Conditions

Estimates of F(f,0,7) offshore were specified from buoy 071 observations and
from GWM predictions. Buoy 071 has wide directional exposure and a 10-year time
series of energy, E,(f), and directional moments, dp,(f). For hindcast GWM predictions
we use the National Oceanic and Atmospheric Administration (NOAA) WW3 reanal-
ysis (Tolman, 2009; Chawla et al., 2011, 2013). The U.S. West Coast reanalysis has
4—arcminute (7km) spatial resolution, 3-hour temporal resolution, 10-degree directional
resolution, and logarithmic frequency spacing. Complete GWM energy-directional spec-
tra predictions, Fyww3(f,0,t), and collocated buoy 071 observations from 2000-2009 are
used to specify boundary conditions. Fyws3(f,0,t) is re-banded in frequency to match
typical buoy spectral output (0.005Hz bandwidth from 0.04-0.09Hz) and interpolated by
nearest-neighbor to 1-hour temporal and 1° directional resolution. Excluded are the less
than 6 months total when buoy 071 observations were unavailable. Boundary conditions

tested are divided into three categories:
e GWM-only: Fyws(f,0) is used exclusively, hereafter WW3.

e Buoy-only: F(f,0) is created with buoy 071 observations. Three different methods,
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MEM, MRM, and BDM (See Section 2.3), are tested to estimate the discrete

directional spectrum from directional buoy observations, (2.2).

e Combined (CMB): Buoy 071 observations are combined with GWM predictions

of the normalized directional distribution, D,,,3(f,0), in three different ways.

The first CMB method, hereafter CMB-E, multiplies the buoy Ej, by D,,,3, after the
discussion of Rogers et al. (2007). Buoy directional information is not used. The second
CMB method, hereafter CMB-LH, combines D,,,3 with both E; and dy (Long and

Hasselmann, 1979). The optimal directional spectrum, Dy, minimizes

/ (D1t — D)2 8, 2.8)

while satisfying dy, (2.2) and constraints (2.3) and (2.4). The computationally efficient
iterative method developed by Long and Hasselmann (1979) terminates when constraints
are met within the expected statistical uncertainty (Lawson and Long, 1983; Long, 1980).
We tested this iterative method and found that fitting constraints exactly yielded unbiased
spectra with comparatively better nearshore predictive skill. Additionally, we compared
the iterative method solutions to those from a modern optimization numerical solver,
CVX, a package for specifying and solving convex problems (Boyd and Vandenberghe,
2004; Grant and Boyd, 2013). Both solutions were robust for most conditions, however
the iterative method occasionally failed to converge for very low energy spectra. We
ultimately used CVX to solve the minimization, however, we continue to refer to the
solution as CMB-LH. Once found, Dy is multiplied by Ej, to construct F(f,0), as in
the CMB-E method.

The third CMB method, hereafter labeled CMB-ADJ, is not formally optimal, but
relies instead on physically meaningful adjustments to D,,,,3 including a series of shifts

and smoothings to minimize misfit to constraints (2.2) with dy. Initial testing showed
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the ideal simultaneous optimization was computationally burdensome and provided
marginal improvement over the simpler sequential adjustment process used below at each

frequency bin for each hour-record,

1. Time lag/leads in Fyyw3(f,0) are corrected for each 1-hour time-step by consider-
ing the optimal time lag correlation between GWM predicted energy, [ Fyw3(f,0)d6,
and E}, inside a +=36-hour window. Typically time lag/lead corrections were small

(<3-hours) and consistent across wave events.

2. Significant peaks in D,,,3 are found (using MATLAB’s Signal Processing toolbox)
that meet the following criteria:
(a) Each peak contains at least 2% of primary peak energy

(b) Peaks spaced less than 55° are considered a single peak.
3. If D3 is uni-modal (49% of records)

(a) Rotate D,,,3 to match 6; measured by buoy 071.

(b) Estimate 6, for Dyw3 from (2.2) and (2.5). Smooth D,,,3 by convolving
with a simple boxcar repeatedly until 6, for Dyw3 approximately equal to 62
measured by buoy 071. Here o5 is used to sometimes avoid over-smoothing

due to buoy-observed coastal reflection.
4. If D,,,3 is bi-modal (49% of records)

(a) Use brute force to find the shift of energy between the two peaks in Dyw3
such that the misfit to dy, by (2.2), weighted by the uncertainty in dy, (Long,

1980), is minimized.

(b) Simultaneously and independently shift both peak directions (with a maxi-

mum shift of 25°) to minimize misfit to dy,.
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5. If Dy,,3 contains three or more peaks (2% of records), make no directional adjust-

ments to WW3 spectrum as buoy directional information is too limited.

Lastly, as in the previous methods, the adjusted Dy w3 is multiplied by Ej, to form
F(f,0). These adjustments to Dyw3 include some threshold values that may be region
specific. Additionally, the performance of the methods is dependent on the accuracy of
the GWM; statistical chatter in buoy observations can only degrade the predictions of
a theoretically error-free GWM. However, here we show that buoy-based adjustments
with these thresholds do detectably improve the GWM-only, WW3, boundary condition
method skill.

2.5 Results

2.5.1 Significant wave height, direction, and spread

Model predictions (using boundary conditions described above) are compared
with observations at sheltered deep buoys using standard metrics (root mean square error
RMSE, bias, model skill R2, and squared-correlation r2, see Section 2.C for definitions).
Model skill varies across boundary condition, buoy validation site, and metric. Simple
averages at deep buoy validation sites (Table 2.2) are used to rank boundary condition
skill in Table 2.3, where lowest score is best. Bias magnitude was averaged for Hj;e
and 0, to avoid canceling errors. CMB-ADJ and MEM have the highest 6 skill, while
MRM and BDM have the highest Hg;, skill. WW3 has overall lowest skill followed
by CMB-E. CMB-ADI has the highest overall skill followed by BDM. Models using
buoy observations in the boundary condition (buoy-only and CMB) outperform WW3
alone. However, directional bias is lowest for WW3 and CMB boundary conditions at

local deep buoys. Bias in 61 predictions is negative for all boundary conditions, and
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largest at low frequencies (not shown), suggesting weak coastal reflection (Section 2.6.3).
Comprehensive skill results for significant wave height, H,, mean direction, 61, and
directional spread, o1, for all boundary conditions at all buoy validation sites are in
Tables 2.5,2.6.

The spatial distribution of model skill for a subset of boundary conditions shows
that WW3 initialization consistently has relatively large RMSE and bias; in Fig. 2.4
the upper left quadrant is large and dark at most buoys, for both Hg, and 0. H,
from WW3 is biased high at the initialization offshore buoy 071 (+23cm), and WW3
is correspondingly high in the southern half of the model domain. In contrast, WW3
initializations are biased low for Hj;e in the Santa Barbara Channel (SBC), closest to the
initialization buoy (Fig. 2.4a) and directional errors and biases are also large. Boundary
condition MRM shows particularly large positive (northward) directional bias in the
southern end of the SBC. A ranking of buoy site skill, averaged across select boundary
conditions (Table 2.4), indicates poorest model performance at buoy sites 107 (in SBC)

and the southern most, 093.

2.5.2 Alongshore radiation stress

Mean (time-averaged) Sy, model predictions and shallow (20m depth) buoy
observations are compared in the local shore normal reference frame estimated from
depth contours onshore of each buoy; positive Sy, indicates northward up-coast transport
(Fig. 2.5). Modeled and observed Sy, usually agree, at least qualitatively. Boundary
conditions using offshore buoy observations generally outperform WW3 alone. No
buoy-based method clearly performs best. Uncertainty bars on Sy, correspond to £2.5°
shifts of the local shore normal. At buoy 155, mean S,, is near-zero, and the results are
relatively sensitive to the definition of beach normal. At buoy 043 (Oceanside Harbor),

different offshore boundary conditions yield the widest range of Sy, with WW3 biased
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high and MRM biased low.

Depth contours offshore of Oceanside Harbor (grey, Fig. 2.6a) were used to
estimate local shore-normals (dark magenta, Fig. 2.6a) that were alongshore averaged
(excluding the harbor area) to avoid the influence of slight shore normal changes on
Sxy. Predicted Hg;g, 03, and Sy, on the 10m-depth contour (bright green) show similar
alongshore variation about constant offsets (Fig. 2.6b,c,d). WW3 predicts the highest
wave heights, and the most oblique waves, resulting in the highest Sy,. These are com-
pared to buoy 043 observations of S,y (Fig. 2.6d, Sy, conserved assuming depth contours
are parallel). Alongshore sediment transport estimated using the CERC formula?, (2.7),
with constant K = 0.6 (Fig. 2.6e) yields estimates between 2 —9x10° m3/yr. Shaded
regions show transport estimates for a typical range of CERC constant K (0.4 < K < 0.8),
smoothed by 1.5km alongshore LOWESS filter. Longshore transport gradients, estimated
from smoothed transport estimates, are similar for all predictions (Fig. 2.6f). Note this
gradient estimate ignores the effect of the harbor and small scale (< 1.5km) alongshore

variations in Sy,

2.6 Discussion

2.6.1 Optimal boundary condition

Offshore buoy observations improve WW3 nearshore wave prediction skill for
most metrics at most buoy validation sites. However, improvement is lowest for CMB-E,
where the buoy-measured energy is combined with D,,,,3. Model skill further increases
when buoy energy and directional information is used, and CMB-ADJ outperforms CMB-
LH (Table 2.3). Detailed examination of CMB-LH reveals that the least-squares constraint

in (8) often adds spurious directional peaks to the directional distribution. For example

ZWaves were linearly shoaled to breaking (Ecg = constant) with breaking constant, y= 0.7
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in Fig. 2.3a, CMB-LH creates a third peak at 100° and adds energy in the gap between
the peaks. In contrast, CMB-ADJ more physically adjusts peak amplitude, direction and
width. While mathematically convenient and theoretically elegant, the CMB-LH squared
difference constraint is not effective. CMB-ADJ, though crude, outperforms CMB-LH.

While buoy observations improved the WW3 boundary condition, the skill of
CMB-AD)] is similar to buoy-only methods; CMB-ADJ Hj;, skill is lower, but direction
skill is higher, yielding an overall higher skill ranking (Table 2.3). Given the directional
ambiguity in buoy observations (e.g. Fig. 2.3), we expected that offshore GWM direc-
tional spectra predictions offshore, informed by global wind fields and sophisticated
model physics, would provide a powerful additional constraint. However, we were
surprised to find that our combinations of offshore GWM spectra and buoy observations
in the offshore boundary condition parameterization were similarly skilled to buoy-only
methods. We show below that CMB-ADJ and buoy-only methods have similar skill
because details in GWM directional spectra are often well-represented by the first four
low order moments, (2.2), non-negativity, and a smoothness constraint. In other words,
the present GWM directional resolution is roughly comparable to a directional wave
buoy.

GWM (NOAA-WW3 hindcast) frequency-directional spectra for 1-year were
used to estimate the first four low order directional moments (Eq 2) in each frequency-
time bin. Using MRM, MEM, and BDM methods (Section 2.3), reconstructions of the
GWM directional spectra were generated, and R? misfit of the reconstructed spectra to
the original GWM spectra were computed. An example uni-modal reconstruction by
MRM and BDM is very good (R?> > 0.9); however, performance declines as spectra
complexity increases in bi-modal and tri-modal cases (Fig. 2.7, left panels). Mean R?
misfit values of MRM reconstructions for the entire year of GWM predictions show

that high-energy events tend to have high R* > 0.9 across all frequencies (red in Fig.
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2.8). Reconstructions of lower energy directional spectra have lower skill, suggesting
that spectra are more complex (green/blue in Fig. 2.8). The presented skills, with the
exception of normalized skill in Fig. 2.4a, are more strongly influence by moderate to
high energy events that are well-represented by buoy directional moments. During these
events GWM directional spectra provides little additional information, and therefore
combined (CMB-ADJ) and buoy-only methods have similar nearshore predictive skill.
Overall skill for buoy-only methods is comparable, however we observed differ-
ences across metrics. MRM has lower Hg;; RMSE, MEM has lower directional bias, and
BDM is a compromise of the two. No buoy-only method is the overall best performer,
and likely the ability of each method to recreate the true directional spectra depends on
frequency band, wave age, and region. GWM directional spectra predictions, used as a
proxy for true spectra, yield insight into method differences and the importance of diffuse
reflections and scattering (Fig. 2.7). Reconstructions of GWM directional spectra from
the first four low order moments using each buoy-only method (left panels) are contrasted
with the addition of a small (10% of the total energy) isotropic background energy added
to the GWM spectra (right panels). A constant background energy (Snodgrass et al.,
1966) crudely mimics diffuse shoreline reflections and scattering. (Elgar et al., 1994)
observed low levels of reflection from a natural beach, and (Ardhuin and Roland, 2012)
found that constant reflection on order 10% improved GWM prediction along the coast
(GWM predictions used here do not include reflection). The addition of background
energy reduces MRM and BDM reconstruction skill, but improves dramatically MEM
reconstruction skill. MEM is designed to identify peak directions in the presence of
background energy, its roots in astronomy and image processing (Gull and Skilling,
1984); however, peaks are too sharp when background energy is lacking. In contrast,
MRM and BDM are both smoother than MEM, and background energy tends to over-
broaden peaks. Additionally, in the bimodal case (Fig. 2.7d), MRM and BDM peaks are
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slightly biased away from the overall mean. MEM better resolves incoming directional
peaks in the presence of background energy, but BDM and MRM better resolve broader
directional peaks with low background energy; no method is optimal. Buoy observations
are fundamentally limited: these three methods are drawn from an infinite set (Ochoa
and Delgado-Gonzalez, 1990), and each will perform only as well as their smoothness

constraint represents the true underlying directional spectra.

2.6.2 Alongshore radiation stress & transport

For most boundary condition methods, at most buoys, 0; bias is < 10°, relatively
small for most practical applications. However, at some buoy sites Sy, estimates varied
significantly (Fig. 2.5); at buoy sites 043 and 172 S, estimates varied by more than a
factor of two, substantial given that S,, is directly proportional to alongshore transport
estimates based on the CERC-formula. This variation in Sy, from different boundary
conditions exceeds the uncertainty in the CERC constant K (Fig. 2.6f). Though boundary
conditions utilizing offshore buoys yield better estimates of Sy, than WW3, there is no
overall best performer. The positive mean Sy, at buoy 043, indicating northward transport,
is contrary to expectations for the region (Inman and Frautschy, 1965), however this
estimate is integrated only for swell energy (0.04-0.09Hz). Mean S,, for the entire
wave energy spectrum is typically negative (O’Reilly et al., 2016), indicating southward
transport in the region.

Alongshore transport estimates from different boundary conditions differ pri-
marily by a constant offset (Fig. 2.6e). Thus, the alongshore transport gradient, i.e.
divergence of the drift indicating regions of accretion and erosion, is relatively consistent
(Fig. 2.6f). Typically the gradients of uncertain quantities are increasingly uncertain,
however in this case the bias between predictions in terms contributing to Syy, Hgie and 02,

is constant alongshore (Fig. 2.6b,c). Therefore, accretion and erosion zones (Eq 4) may



26

be determined confidently. We suspect that at these spatial scales (Order 1 km) gradients
in alongshore transport gradients are dominated by local bathymetry and high-order
details of the offshore directional spectrum are insignificant. Note a single offshore
normal is used to estimate S,,, and small-scale variations in beach orientation are not

included.

2.6.3 Coastal reflection

Weak coastal reflection (< 10%) has small effects on Hg;; and mean direction;
even obliquely incident wave conditions yield little change to 8; and 0, observations, less
than 4° and 2° respectively. Alternatively, first order directional spread (G1) observations
are highly sensitive to coastal reflection. Including simple reflection parameterizations
in GWMs significantly improves predicted 67 skill (Ardhuin and Roland, 2012). While
not included in our linear wave model, strong negative biases in 6 predictions across
all model boundary conditions are consistent with weak coastal reflection (Table 2.2).
Strong (> 10°) tidal modulation of &7 is observed at local shallow buoy 172 offshore
of Huntington Beach during a low-frequency event arriving from a high incident angle,
20-30¢ southward of the local shore normal (Fig. 2.9b). At high tide, this convex beach
has relatively high slope, and enhanced reflection, similar to Duck, NC (Elgar et al., 1994).
A buoy also feels the effect of directional narrowing due to increased refraction as the
tide falls; however, these effects (estimated assuming plane parallel contours, (Herbers
et al., 1999)) are small in 20m depth for the local tidal amplitude (< 2°, black line in Fig.
2.9b), and vanishingly small in more than roughly 100m depth. The observed modulation
in 07 at buoy 172 corresponds roughly to a 3-10% change in reflected energy, equivalent
to a 2-5% change in Hy;e; similar levels of reflection are observed in (Elgar et al., 1994).
Owing to the high incident swell angle, tidal modulation of 6, is also observed, though

at less than half the variance observed in 61. Coherence at tidal frequencies M2 and K2
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between the local tidal elevation and observed 6 (f) (estimated independently at each
observed frequency) is high in the swell-band (0.04-0.09Hz), peaking around 0.06Hz
and falling off at higher frequencies where reflection is weaker (Fig. 2.9¢). As expected
for a nearby reflector, at local shallow buoys close to shore the phase lag for K1 and M2
frequencies is near zero (< £0.1hr). At local deep buoys phase lags at K1 and M2 are
scattered between £0.5hr (not shown).

Steep coastline slopes reflect more incoming wave energy. The SC coastline is
a mix of dissipative (fine to coarse sand), intermediate (gravel), and reflective (riprap,
seawall, rocky cliffs) regions shown in Fig. 2.10 (NOAA, 2006). The magnitude of G
prediction bias (left half of colored square) at local buoy sites appears lower in regions
with larger amounts of dissipative coastline, e.g. San Diego (Fig. 2.10). Conversely
prediction bias is larger where coastlines are steeper, e.g. Santa Barbara and Los Angeles.
This evidence is admittedly qualitative, and some observations suggest the opposite, e.g.
buoy 092. Coherence of tidal elevation and G; (colored right rectangle) is higher at
shallow buoy sites and is significant at all buoys except 093 (Fig. 2.10). Coherence is
lower further from the coastline because the travel times of reflected waves varies. At
even larger distances (not shown), buoys are exposed to a large array of diffuse reflectors
(coastline and islands), and tidal effects are blurred in direction and time (Snodgrass

et al., 1966; Herbers et al., 1999).

2.6.4 Santa Barbara Channel (SBC)

Our results confirm the previously observed large H;, prediction errors in the SBC
(Rogers et al., 2007; O’Reilly et al., 2016). The extreme sheltering by Pt. Conception
and the Channel Islands (Fig. 2.1) amplify the significance of high-order details of the
offshore directional wave spectra. For example, during NW wave events the SBC is often

sheltered to the dominant swell direction by Pt. Conception, making critical the accurate
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description of the peak shoulder (e.g. Fig. 2.C.1). A higher resolution boundary condition
than provided by WW3 predictions and buoy observations may be needed. Missing
model physics likely partially explain these prediction errors; reflection from the steep
cliff faces of the Channel Islands could help explain the H;, low bias. Also supporting
reflection, the positive (northward) directional bias at buoy 107 suggests additional wave
energy coming from a more southerly direction. However, further eastward in the SBC
(buoys 111, 130, 131) model directional bias suggest the opposite. It is not clear if wave
reflection contributes significantly to the large model errors in in the SBC. Diffraction,
surface current-induced refraction, and bathymetry inaccuracies may also contribute to

prediction errors.

2.7 Summary

Different methods for parameterizing regional wave model offshore boundary
conditions from buoy observations and global wave model GWM predictions (NOAA-
WW3) are compared. Offshore wave energy was transformed to the nearshore with
ray-tracing derived transfer coefficients and frequency-direction dependent time lags
(Section 2.4.2 and Section 2.B). Offshore wave conditions were assumed homogenous in
the along-crest direction for each discrete frequency and direction, a valid assumption for
swell-band (0.04-0.09Hz) energy in SC (Appendix A). Limiting model predictions to
the swell-band allowed for the use of point-based offshore information in the boundary
condition, i.e. buoy observations and frequency-direction GWM predictions. This
methodology is valid for only swell energy in hindcast and nowcast modes.

Results show that for swell predictions, boundary conditions including offshore
buoys performed better than those with GWM predictions alone. Buoy-only methods

(MEM, BDM, MRM in Section 2.3) and the GWM-buoy combined method, CMB-
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ADJ, perform similarly, and suggests that the directional “resolution” of low order buoy
moments is comparable to current GWM predictions. Supporting this hypothesis the
complexity in directional spectra predictions for moderate to high energy events is well
represented by low order buoy directional moments and smoothness assumptions (Section
2.6a). Though GWM predictions may not currently add significant skill to buoy-only
swell prediction, GWM predictions are necessary for higher frequency energy that is
affected by local winds and not along-crest homogenous offshore. It is not yet clear
how to extend our simple combined approach to higher frequencies. However, as GWM
predictions improve the simple methodology in our CMB-ADJ method should yield
higher skill for swell prediction, and may also be a robust technique in varying regions
and wave climates where buoy-only smoothness may fail.

For some applications, e.g. recreational boating, our model errors are small.
However, the variance in alongshore radiation stress predictions (S,y) was relatively high
despite small (< 10°) wave direction biases. Simple 1D (CERC) transport estimates
varied two fold. However, despite large Sy, uncertainties, the alongshore gradient of
transport (e.g. the divergence of the drift) across all model predictions is surprisingly
similar, suggesting that patterns of (theoretical) erosion and accretion may be insensitive

to modest boundary condition errors and variations.
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Appendices

2.A Case Studies

Most mean errors (RMSE and bias) in Hg, and 0 predictions are < 25% (~
12cm) and < 10° respectively (Fig. 2.4 and Table 2.2). However, errors during individual
wave events can be significant; for example with an energetic unidirectional swell with
offshore Hgj = 6m and 7, = 16 sec (Fig. 2.C.1a,b). Directional spectra estimates for the
mean frequency and peak wave height (Fig. 2.C.1c) generally agree on the peak direction,
however the MEM peak is much shaper than with MRM, WW3, and CMB-ADJ. The
sensitivity to energy levels at off-peak directions is clear when comparing direction
spectra estimates with model energy transfer coefficients for multiple local deep buoy
locations (Fig. 2.C.1d). Owing to sheltering by Pt. Conception and offshore islands the
energy transfer cut-off at NW directions is rapid (e.g. Buoy 092 transfer coefficient at
275°) and the amount of energy entering the region depends on details of the tail of the
offshore directional spectra (e.g. the discrepancy between MEM- and MRM-initialized
models at 275°). All models severely under predicted Hg;, inside the SBC at buoy 111,
with less severe under prediction to the south offshore of Los Angeles at buoy 092 (Fig.
2.C.1e,g).The MEM-initialized model Hgj, prediction is biased particularly low because
the MEM estimate is narrowest, with the least energy on the shoulder. Counter intuitively,
the best model-observation agreement is at buoy 045 near Oceanside (Fig. 2.C.11), where
the open window between 250-265° allows only a small fraction of the total deep water
energy to reach the shoreline. However, adjacent frequencies directional spread is wider

(not shown) allowing more energy to buoy 045 resulting in a wave height ~1m.
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A second case study (Fig. 2.C.2) illustrates a moderate (Hgjg = 2 —3m, T, =
15sec) swell event with sometimes strong directional bimodality. Here, CMB-ADJ
shifted energy from the NW peak to the SW peak and rotated both slightly southward
toward the open energy window at buoys 111 and 092 (Fig. 2.C.2d). This peak placement
and energy level is in general agreement with MEM and MRM buoy-only methods.
Again, MEM creates a very sharp NW peak at 290° allowing less energy into the region
than MRM and CMB-ADJ (MEM is yellow in Fig. 2.C.2e,g). The predictions for 6
vary by as much as 40° at buoy 045, although Hg;, are in good agreement (with each
other, and the observations) owing to canceling errors (Fig. 2.C.21i,j). The skill of these
various boundary condition methods vary spatially. In this example, WW3 and MEM are

the worst performers at buoys 111 and 092, and the best at buoy 045.

2.B  Model transfer coefficients

For each nearshore location of interest, e.g. buoy validation site, backwards ray-
tracing relates the nearshore arrival angle, 0, to the offshore arrival 09 (e. g. O’Reilly
and Guza, 1998, Fig. 2). Rays are traced seaward following Snell’s law as phase speed
changes in varying bathymetry (Dobson, 1967). Some rays terminate at offshore islands,
indicating blocked arrival directions, others are terminated when they reach deep water
seaward of the SC Bight. The transfer coefficient, K 2 is estimated using conservation of

energy (depth-limited shoaling) and a simple relation from geometrical-optical theory

such that, .
E(fae) 2 . Cgo (f) AB
Eo(re)  ~ O 'Ae@ | @5

where ¢, is group velocity and (o) indicates offshore properties (Dorrestein, 1960).
(Mehaute and Wang, 1982) show that (A2) is equivalent Snell’s law and the theoretical

work of (Longuet-Higgins, 1957) for slowly varying bathymetry. Rays are traced at a
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very high directional resolution and carefully integrated to discretize K2 at 1° resolution
(Dorrestein, 1960). Unlike finite-difference propagation schemes, wave ray integration
numerics are stable at any spatial/directional resolution and are only limited by the
assumption of slowly-varying bathymetry for linear shallow water waves. Additionally,
in this framework, K? is typically not a function of offshore position, assuming spatially
homogenous and temporally stationary offshore conditions. (Dorrestein, 1960) provides

a thorough discussion of this practical method for transforming wave energy nearshore.

2.C Skill Metrics

The metrics used in the paper are estimated from N hour-length records. Given

observations, o, and predictions, p, the following formulas are used:

1 N
RMSE = ¥ Z(p—o)z

%RMSE = \/
1
N
1
N

bias =

N

o (p—o)

vebias = 5 75 .C.1)

N 2
Y(p—o)

1?2:1—’;l
Y (0—0)?
i=1
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where the overbar indicates a mean. Detailed model results are contained in Tables

2.5,2.6.



Table 2.1: Wave buoy names, depths, and site occupation dates.

NOAA CDIP Name Depth [m] Start End
Deep
46218 071 Harvest 549 2000-Jan  2009-Dec
46216 107 Goleta 182 2002-Jun  2009-Dec
46217 111 Anacapa 114 2002-Jun  2009-Dec
46221 028 Santa Monica 363 2000-Mar  2009-Dec
46222 092  San Pedro 457 2000-Jan  2009-Dec
46223 096  Dana Point 373 2000-Jul ~ 2009-Dec
46224 045  Oceanside 220 2000-Jan  2009-Dec
46225 100  Torrey Pines 549 2001-Jan  2009-Dec
46231 093  Mission Bay 201 2005-Oct  2009-Dec
46226 095  Point La Jolla 181 2000-Jan  2005-Oct
Shallow

- 131 Rincon Point 21 2005-Sep  2007-Apr
46228 130  Pitas Point 20 2004-Oct  2005-Sep
46234 141  Port Hueneme 21 2007-Apr  2009-Feb
- 118  Leo Carillo 20 2003-Apr  2004-Mar
46230 172 Huntington Beach 22 2005-Jun  2006-Nov
46242 043  Camp Pendleton 20 2008-Jan  2009-Dec
46235 155  Imperial Beach 18 2006-Dec  2009-Dec
- 101  Torrey Pines Inner 20 2001-Apr  2004-Mar

34
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Table 2.3: Model skill rankings averaged across deep local buoys for various boundary
conditions and select metrics (low ranking indicates higher skill)

Boundary Hgg 0,
Condition R>  |Bias| R> |Bias| Total Rank

WWw3 7 7 6 4 24 7
CMB-E 6 6 5 5 22 6
CMB-LH 5 5 4 2 16 4
CMB-ADJ 3 3 1 1 8 1
MEM 4 4 2 3 13 3
MRM 2 1 7 7 17 5
BDM 1 2 3 6 12 2

Table 2.4: Mean skill for best models (CMB-ADJ, MEM, BDM) ranked across local
deep buoys for select metrics (low ranking indicates higher skill). Buoys are listed north
to south.

& 0,

NOAA CDIP R?> |Bias|] R?> |[Bias| Total
46216 107 1 9 9 9 28
46217 111 4 8 1 5 18
46221 028 2 2 5 4 13
46222 092 3 7 4 6 20
46223 096 7 6 3 3 19
46224 045 9 5 6 1 21
46225 100 6 4 2 2 14
46231 093 8 3 8 8 27
46226 095 5 1 7 7 20




Table 2.5: Model skill at local deep buoys
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Boundary Hg 6 G|

NOAA  CDIP  Condition  mean  RMSE  Bias R? 2 RMSE  Bias R? 2 RMSE  Bias R? 7~

[m] [m] [m] - - [’] ] - - [’] ] - -
46218 071 WW3 128 0.40 023 075 0387 15 2 086  0.87 11 ] 0.10 065
46216 107 WW3 048 0.22 0.14 064 079 17 9 046  0.63 20 218 <110 0.60
CMB-E 048 0.25 0.8 053 081 16 8 047 064 21 219 <119 058
CMB-LH 047 0.20 0.14 069 085 17 8 037 054 20 218 -1.05 063
CMB-ADJ 048 0.16 0.10 080 088 16 8 052 0.69 19 217 085 0.68
MEM 047 0.17 0.1 077 088 21 11 0.18  0.68 22 20 -135 0.0
L2 047 0.12 004 089 091 18 11 037 066 21 19 112 0.69
BDM 047 0.14 007 086 091 20 11 027 071 21 219 -116 071
46217 111 WW3 051 0.18 0.02 063 066 17 4 074 076 15 -1 -118 025
CMB-E 051 0.17 006 068 072 17 5 074 078 15 -11 4123 024
CMB-LH 050 0.15 007 072 078 14 3 082 083 13 9 063 030
CMB-ADJ  0.51 0.13 003 080 081 15 4 082 084 14 210 072 036
MEM  0.50 0.16 009 068 077 13 3 0.86  0.87 11 7 009 045
L2 050 0.12 004 082 084 11 3 090 091 12 9 034 056
BDM  0.50 0.13 005 080 083 10 1 091 091 11 8 015  0.54
46221 028 WW3  0.57 0.15 0.04 059 071 12 -1 073 079 15 -2 2323 020
CMB-E 057 0.14 004 067 072 12 2 073 078 15 -13 <340 019
CMB-LH  0.56 0.12 001 074 080 11 -1 078 078 15 -2 302 016
CMB-ADJ  0.57 0.12 002 073 081 10 -1 0.82 083 14 -2 276 027
MEM  0.57 0.11 002 078 081 9 1 0.85  0.86 12 -11 4185 031
L2 057 0.12 001 074 081 14 9 0.67  0.82 14 -3 282 026
BDM 057 0.11 001 078 082 11 5 0.80  0.86 13 A1 -189 035
46222 092 WW3 051 0.20 009 054 072 20 3 072 074 14 -0 039 047
CMB-E 051 0.21 015 047 074 20 4 072 074 13 210 035 049
CMB-LH 049 0.18 010 059 075 20 4 072 074 13 9 031 045
CMB-ADJ 051 0.15 005 074 082 16 1 0.83  0.84 14 -1 038  0.60
MEM 051 0.15 008 073 080 15 4 085 087 9 -6 039 068
L2 051 0.13 001 080 083 15 4 085 086 10 7 021 062
BDM 0.5l 0.12 003 082 084 14 4 0.87  0.88 9 6 038 067
46223 096 WW3  0.59 0.18 0.03 040  0.63 15 2 076 077 15 -3 260 040
CMB-E 059 0.15 006 057 068 15 2 076 078 15 -3 261 040
CMB-LH 059 0.13 006 063 075 14 2 076 076 13 -1 2178 0.41
CMB-ADJ  0.59 0.13 001 067 073 12 -1 0.84 085 13 -11 -1.80  0.46
MEM  0.59 0.13 006 064 073 11 2 0.87 087 11 9 077 051
L2 059 0.13 005 065 073 16 9 072 083 12 9 -119 039
BDM  0.59 0.13 005 067 075 12 4 0.85  0.87 10 8 052 055
46224 045 WW3 057 0.15 0.02 047 063 14 5 0.64  0.68 15 -13 366 025
CMB-E 057 0.14 005 053 066 14 -5 0.64  0.68 15 -3 376 024
CMB-LH 056 0.12 004 062 071 13 2 0.65  0.66 14 -2 286 027
CMB-ADJ  0.57 0.13 001 059 069 10 -1 0.81 081 13 -2 267 037
MEM  0.57 0.13 005 059 070 9 -1 0.83 085 11 9 2135 041
L2 057 0.14 006 052  0.69 15 10 059 0.80 12 210 203 023
BDM 057 0.13 005 056 071 10 5 081 085 10 9 -1.05  0.46
46225 100 WW3  0.65 0.20 010 041 074 13 -1 076 0.80 10 8 -1.07 044
CMB-E 065 0.13 0.00 074 079 13 -1 078 0.80 10 -8 A2 046
CMB-LH  0.64 0.14 000 070 081 11 -1 083 083 9 -6 051 044
CMB-ADJ  0.65 0.14 0.02 069 081 10 -1 0.86  0.86 8 6 032 053
MEM  0.64 0.13 003 072 082 10 -1 087 087 7 5 001 053
L2 0.64 0.13 003 073 082 13 8 076 0.85 10 7 093 034
BDM  0.64 0.13 002 073 082 10 4 0.86  0.88 7 5 006 0.54
46231 093 WW3  0.69 0.22 012 040 075 14 5 077 082 9 -6 043 048
CMB-E  0.69 0.16 002 069 079 13 5 079 0.83 9 -6 048  0.50
CMB-LH  0.69 0.16 001 065 081 13 5 081  0.84 8 6 022 042
CMB-ADJ  0.69 0.18 0.04 057 079 12 4 082 084 8 5 0.10 052
MEM  0.69 0.16 001 067 081 12 5 0.81 085 8 5 0.02 049
L2 069 0.16 0.00 066 081 17 12 0.64  0.83 11 9 -123 027
BDM  0.69 0.16 0.00 067 082 15 9 074 085 9 6 026 044
46226 095 WW3 061 0.21 0.09 043 079 13 4 075 082 11 9 -174 035
CMB-E 061 0.13 001 077 084 12 4 077 083 11 9 2191 035
CMB-LH 059 0.14 002 070 086 11 3 081 083 9 7 4120 026
CMB-ADJ 0.6l 0.16 002 069 086 10 2 0.83 085 9 7 -1.02 042
MEM 0.6l 0.15 002 071 085 11 2 082 083 8 -6 054 041
L2 06l 0.14 000 074 086 14 9 071 083 12 10 217 032
BDM 0.6l 0.14 001 074 086 11 7 079 087 9 -8 092 044
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Hs 01 Sl
NOAA  CDIP Model ~ mean ~ RMSE  Bias R? 2 RMSE  Bias R? 2 RMSE  Bias R? 2
[m] [m] [m] - - 1] [°] - - ] 1]

B 131 WW3 035 0.17 010 042 065 11 6 033 065 17 15 239 0.4
CMB-E 035 0.19 014 034 071 10 -6 033 064 17 -5 241 014
CMB-LH 035 0.15 010 056 075 8 2 0.66 070 16 -4 209 031
CMB-ADJ 035 0.11 006 076 085 8 3 064 075 17 215 232 029
MEM 035 0.12 008 073 085 6 2 081  0.84 16 214 <189 050
L2 035 0.08 002 087 088 6 2 081 085 16 215 216 047
BDM 035 0.09 005 083 088 5 2 0.83 087 16 -4 <199 050
46228 130 WW3 035 0.15 008 041 059 10 -7 049 071 16 ‘14 255 007
CMB-E 035 0.16 012 031 068 10 -7 048 071 16 ‘14 261 007
CMB-LH 035 0.13 010 052 078 9 4 065 074 16 ‘14 240 015
CMB-ADJ 035 0.10 006 072 083 8 4 069 079 16 ‘14 260 019
MEM 035 0.12 008 061 079 6 -1 0.83 087 15 -13 4195 033
L2 035 0.09 004 081 085 6 0 083  0.84 15 ‘14 226 028
BDM 035 0.10 006 076 084 6 0 0.85 087 15 213 207 031
46234 141 WW3  0.50 0.16 0.08 030 058 10 4 0.68 072 15 -3 444 013
CMB-E 050 0.12 000 061 067 10 4 067 072 15 -13 -457 015
CMB-LH  0.50 0.11 002 064 070 9 3 070 074 14 -2 376 015
CMB-ADJ  0.50 0.11 0.01 067 071 9 4 075 081 13 212 366 017
MEM  0.50 0.11 004 066 072 8 2 077 081 12 -11 305 021
L2 050 0.10 001 073 075 9 4 074 081 10 9 -176 026
BDM  0.50 0.10 002 073 075 8 3 077 082 11 210 222 025
- 118 WW3 049 0.16 005  -0.12 054 7 -4 064 073 15 14 592 008
CMB-E 049 0.12 003 037 060 7 4 063 072 15 -4 596 007
CMB-LH 049 0.09 001 069 076 7 2 070 075 14 -3 5531 010
CMB-ADJ 049 0.08 0.01 070 0.80 6 3 077 084 15 ‘14 563 013
MEM 049 0.07 001 077 081 5 2 0.81 087 13 12 473 047
L2 049 0.08 002 073 083 4 0 0.86  0.86 13 -2 443 016
BDM 049 0.07 002 077 083 5 -1 085  0.88 13 -2 432 018
46230 172 WW3 049 0.18 0.03 0.06 0.6 10 -1 0.66  0.68 19 -8 -519 021
CMB-E 049 0.14 005 043 061 10 -1 0.64 067 19 -18 =520 022
CMB-LH 049 0.12 007 055 071 10 2 0.60  0.63 19 -7 471 020
CMB-ADJ  0.49 0.11 004 064 070 9 -1 073 076 18 -7 -451 025
MEM 049 0.12 006 059 072 10 4 0.60 076 18 -6 -439 025
L2 049 0.13 008 046 067 8 -1 074 076 15 ;14 289 033
BDM 049 0.12 007 056 072 9 3 069 079 16 -4 2338 029
46242 043 WW3 051 0.16 0.07 025 063 8 3 046 053 13 -2 470 022
CMB-E 051 0.12 000 053 066 7 2 048 053 13 S22 -477 024
CMB-LH 052 0.12 003 058  0.69 6 -0 056 057 12 -11 429 025
CMB-ADJ 051 0.12 000 058 066 6 -1 0.64 065 12 -11 385 022
MEM 052 0.12 004 057 068 5 1 073 075 10 9 288 036
L2 052 0.13 006 050 068 8 6 025 070 10 9 305 019
BDM  0.52 0.12 005 055 069 6 3 0.64 075 10 9 259 036
46235 155 WW3 055 0.23 010 035 082 10 7 054 077 10 9 307 026
CMB-E 055 0.18 002 060 083 9 6 058 079 11 210 <327 025
CMB-LH  0.55 0.19 002 056 086 11 7 042 071 10 9 292 020
CMB-ADJ  0.55 0.23 0.06 034 085 10 7 047 075 10 9 292 031
MEM  0.55 0.19 002 056 086 12 8 029 072 10 9 314 036
L2 055 0.22 0.07 038 086 12 8 029 071 12 -1 -433 026
BDM 0.5 0.21 0.05 047 087 12 8 029 074 11 210 <356 035
- 101 WW3 049 0.16 0.04 070 080 7 3 069 077 11 9 335 0.04
CMB-E 049 0.12 004 082 084 7 3 0.68 078 11 9 353 0.04
CMB-LH 048 0.10 001 088 090 6 3 073 0.80 10 9 291 0.03
CMB-ADJ 049 0.11 0.01 0.85  0.89 5 2 079 083 10 9 270 011
MEM 048 0.09 001 089 090 6 2 0.69  0.80 10 8 254 013
L2 048 0.10 0.01 0.87 091 4 1 085  0.86 10 9 325 022
BDM 048 0.09 000 089 091 4 -0 0.86  0.89 10 9 260 023
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Figure 2.1: Southern California map showing offshore buoy (071, square) in 550m
depth used to initialize regional model, local deep validation buoys (black triangles)
in depths 100-500m, and local shallow validation buoys (circles) in 20m depth. Grey
contours show 20m, 100m, and 500m isobaths
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Figure 2.2: 10-year mean wave conditions at offshore buoy 071. (a) Mean GWM
(NOAA-WW3) wave energy predictions (color) versus frequency and direction. (b)
GWM (dashed) and buoy measured (solid) mean energy flux (Ecg) versus frequency
(integrated over direction). Swell (0.04-0.09Hz) and sea (0.09-0.25Hz) frequency bands
account for 60% and 40% of the offshore energy flux respectively.
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Figure 2.3: (a) Normalized (to unit area) energy density versus direction for a typical
swell frequency band, at offshore buoy 071. Methods (see legend) are buoy only (MEM,
MRM, BDM), model only (WW3), and combinations (CMB-LH, CMB-ADJ). (b,c,d)
Probability distributions (likelihood greyscale on right) for (b) MEM, (c) CMB-LH,
and (d) MRM for the expected uncertainty in a 1-hour record (DOF=64). Solid colored
curves repeat curves in (a). Mean and scatter (5% and 95% levels, see legend in (b)) are

also shown.
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Figure 2.5: Observed (black, local buoy) and predicted (using methods in legend) mean
S,y at local shallow (20m depth) buoy sites (arranged South to North on x-axis). Positive
Sy values indicate northward up-coast transport. Bars indicate S,, range for 2.5 local
shore normal rotation. Predictions are offset horizontally for clarity.
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Figure 2.7: Offshore wave energy versus direction for three cases: (a) and (b) unimodal,
(c) and (d) bi-modal, and (e) and (f) multi-modal. Left panels show GWM (NOAA-
WW3) directional spectra (blue) and recreations using various smoothness methods (see
Section 2.3) and 2™ order moments (a;,by,a2,b, in Eq 2) integrated from the GWM
spectrum). Right panels show GWM spectrum with an added isotropic signal equal to
10% of the total spectrum energy simulating diffuse wave reflection, and corresponding
smooth recreation. R? (see tables) of the recreation with the original spectrum (GWM
or GWMHisotropic reflection) show that simple, uni-modal distributions are better
recreated than mulit-modal shapes. R* varies substantially in the presence of isotropic
noise as well as between recreation methods.
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Figure 2.8: Mean R? between GWM directional spectrum compared and recreation
with 2" order moments (a; ,b1,a3,by in Eq 2) and MRM smoothness method (Section
2.3) versus frequency (x-axis) and offshore GWM energy (y-axis). Black text is number
of 3-hour GWM predictions in each frequency-energy bin for the 1-year (2006) of
GWM predictions used. Note log-scale for energy (y-axis).
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Figure 2.10: Model (CMB-ADJ boundary condition) directional spread (c;) prediction
bias at local buoy sites shown in color (see colorbar) in left half of square. Right half
shows coherence at the M2 tidal frequency (1.9 cycle-per-day) of buoy-observed 61 (f =
0.055Hz) and local tidal elevation (see colorbar). Hatched colors indicate insignificant
coherence levels at 95% confidence. The coastline is classified as dissipative (fine to
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shown in color (see legend bottom left).
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Figure 2.C.1: Extreme wave conditions during January 2008. Offshore (a) Hge and
(b) T, versus time, in UTC. (c) Normalized offshore S(0) versus 6 at the mean period,
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092, and (i-j) 045. Note vertical scales vary. Grey shading around observations shows
5th and 95th percentile confidence bounds for the 3-hour smoothed record.
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Chapter 3

Regional assimilation framework

3.1 Introduction

Coastally incident wave energy drives nearshore processes including beach ero-
sion, along- and cross-shore transport, and flooding and inundation. High-resolution
nearshore wave predictions support beach and boater safety, coastal risk assessment,
and nearshore process research. Regional wave estimate errors are often dominated by
uncertainties in the offshore boundary forcing (O’Reilly and Guza, 1993; Rogers et al.,
2007; O’Reilly et al., 2016) that can be reduced by assimilating nearshore observations.
Widely-available directional buoy observations have low directional resolution (Ochoa
and Delgado-Gonzdlez, 1990). However, multiple observations sheltered from varying
directions can be combined to increase resolution, similar to scatter in inhomogeneous
media (Borcea et al., 2002). Though current operational wave models, e.g. Simulat-
ing WAves Nearshore (SWAN) or Wave Watch III (WW3), do not yet assimilate local
wave observations, progress is being made. Recent developments (Veeramony et al.,
2010; Orzech et al., 2013) use variational methodologies, relying on an adjoint model

to propagate prediction misfits at local observation sites backwards to the model bound-
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ary. An analytical adjoint (Walker, 2006), developed originally for Synthetic Aperture
Radar satellite observations, has been extended to wave spectra (Veeramony et al., 2010),
however, simulations were limited to linear wave processes (shoaling and refraction)
and stationary conditions with homogeneous boundary forcing. Numerical methods
have been developed to estimate an adjoint by linearizing the SWAN model (Orzech
et al., 2013), however, initial tests are restricted to linear wave processes and stationary
conditions. More recently adjoint-free techniques have been developed, though initial
testing has been restricted to synthetic data (Panteleev et al., 2015).

Linear wave propagation assumptions are valid for low frequency wave energy in
many nearshore regions where local fetch is limited and dissipation on a narrow shelf is
negligible, e.g. the Southern California Bight (SCB) (O’Reilly and Guza, 1993; O’Reilly
et al., 2016). However in regions as large as the SCB (~ 350km), propagation time-lags
are up to 10 hours and cannot be ignored (Rogers et al., 2007). Here, we present an
alternative methodology for assimilating nearshore buoy observations that incorporates
propagation time lags in a linear wave model. The preliminary analysis of O’Reilly
and Guza (1998) (that includes time lags) is extended to include global wave model
(GWM) predictions. A comparatively more general inversion framework is developed
that incorporates observation uncertainty and a priori information. In contrast to recent
assimilation work with SWAN, our alternative approach takes advantage of self-adjoint
ray projection. Using historically under-appreciated backwards ray-tracing techniques
(Dorrestein, 1960; Longuet-Higgins, 1957) linear transfer coefficients between offshore
and nearshore sites are generated. The resulting linear model and adjoint for wave energy
propagation greatly reduces computational expense compared with variational systems
(Veeramony et al., 2010; Orzech et al., 2013), and allows for high spatial, temporal, and
directional resolution. Our case studies with real buoy observations in the SCB show that

inverted offshore wave conditions are plausibly smooth in time and direction, and that
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assimilation of nearshore buoys increases the predictive skill at validation buoy sites not
included in the assimilation.

This linear approach is limited to wave conditions, frequencies, and distances
where dissipation and nonlinear spectral energy transfers are negligible. Offshore GWM
predictions in Southern California (spatial scales of a few 100km) suggest that linear
wave propagation assumptions are valid for swell frequencies <0.09Hz, which contains
60% of total offshore energy flux (Crosby et al., 2016, - Appendix A). Assimilation
of higher frequency observations requires more sophisticated techniques, more similar
to current variational methodology. However, the feasibility of representing non-linear
wind-wave growth, dissipation, and spectral energy transfers accurately in a numerically
tractable model adjoint remains to be demonstrated.

Wave buoy observations are discussed in Section 3.2, followed by details of the
linear forward model in Section 3.3. The assimilation methodology (Section 3.4 and
applications to synthetic and real observations in Section 3.5 are followed by a discussion
of the model constraints and implications for buoy array design in Section 3.6. Section

3.7 summarizes.

3.2 Observations

Hourly, quality-controlled, Datawell directional buoy observations (Table 3.1)
from the Coastal Data Information Program (CDIP, http://cdip.ucsd.edu) are smoothed
with a 3-hour running mean. Comparison with a tower-mounted array of pressure
sensors shows Datawell directional buoys accurately measure energy and four directional
moments (O’Reilly et al., 1996). At the i buoy mooring location, at each frequency,

f, the observed moments, §, are related to the phase averaged wave spectrum, E(f,0)
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(Longuet-Higgins et al., 1963),

ao(/)| JE(f.6)d®
ai(f) JE(f,6)cos6d6
¥i.f)= |bi(f)| = | [E(f,0)sin0d6 | - (3.1)
ax(f) JE(f,6)cos26d6
b2(f)| | JE(f.8)sin20d8

These integral moments, ¥, of the directional wave spectrum can be transformed into
several mean properties, e.g. mean direction (0,,), directional spread, and others (Kuik
et al., 1988), but do not define a unique discrete directional spectrum (Ochoa and Delgado-
Gonzalez, 1990; Crosby et al., 2016). Additionally, observed buoy moments contain
statistical uncertainty owing to finite-length observation records (Long, 1980), see also
the Appendix B.

Buoy locations in the SCB (Fig. 3.1) were determined by user needs (e.g. harbor
entrances) and logistics (e.g. mooring depth constraints). Shallow (~20m) and deep

(>300m) water buoys are denoted by S# and D# respectively.

3.3 Forward model

The SCB shelf is narrow, and swell energy transformation is assumed to be
dominated by island sheltering and bathymetry-controlled refraction. Wind genera-
tion, spectral energy transfers, wave-current interactions, and dissipation are neglected
(O’Reilly and Guza, 1993; O’Reilly et al., 2016). Wind generation and dissipation were
negligible on the similarly narrow Pacific Northwest shelf (Garcia-Medina et al., 2013).
Refraction and shoaling are modeled using backwards ray-tracing techniques (Longuet-

Higgins, 1957; Dorrestein, 1960). Ray trajectories, traced backwards from each buoy
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site into deep water, are used to create transfer coefficients, K>(i, f,0), relating nearshore
wave conditions to the offshore spectrum. Backwards traced rays that terminate at islands
indicate sheltered directions. Ignoring energy travel time lags, from linear theory and

geometric optics (Dorrestein, 1960), the transfer function, K 2 is

(n) (0) (n)
200 ¢ gy E(8) _cg (f)|A6
K“(i, f,0') £O(1.0) cg”)(f) 60| (3.2)

where ¢, is the linear group velocity, 6 are ray directions, and (o) and (n) indicate
offshore and nearshore properties respectively. AB indicates the change in nearshore or
offshore angle for two adjacent rays.

At the partially sheltered buoy D8, the relationship between 6 and 60 is
complicated (Fig. 3.2a). Owing to refraction over shoals and island topography, waves
with the same offshore direction can arrive at several nearshore directions (e.g. when
glo) — 230, o) — 230,255,285). Though 0 versus 0() is not monotonic, careful
integration over discrete 9 ranges of (3.2) can yield accurate transfer coefficients (Dor-
restein, 1960). At D8, for a fixed frequency, K? contains many relatively narrow peaks
and valleys (individual grey curves in Fig. 3.2b). Forward model transfer coefficients are
generated at fine frequency (0.0005Hz) and directional (< 1°) resolutions, and averaged
to 0.005 Hz, the buoy observational bandwidth for swell, and 1°, our desired directional
resolution. Fine-scale features remaining, often with adjacent peaks and valleys (black
in Fig. 3.2b), are blurred by the low order moment-measuring buoys. Similar to energy

in (3.2), sheltered buoy directional moments are related to offshore conditions by the
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forward model with transfer coefficients,

1
) cos )
0 (n)
K2(i,f,000)) = & (/) |49 sine™ | . (3.3)
Cén)<f) Ae(())
cos20()
i sin20() |

Hereafter, (0) and (n) notation is dropped and 8 now refers only to offshore wave
directions. Nearshore buoy moments and offshore wave spectra are related by the forward

model,

.f) = [ K3, f.O)E(f.6)do, (3.4)

The forward model is independent at each frequency band and hereafter f is dropped for
clarity; it is implied that operations are repeated independently across frequency bands.

For a single frequency band, in matrix notation,
¥ = Hx, (3.5)

Transfer coefficients form the model kernel, H, with rows indicating buoy locations
and measured moments, and columns indicating directions. The vector, ¥, comprises
buoy observations at i locations, and the vector, X, is the offshore directional spectrum,
E(6). Expected forward model error is not treated formally and will be absorbed into
data misfit (Section 3.5.2). The model resolution matrix is res(H) = H #H, where
A2 =HT(HAT) !, the generalized inverse of the time-invariant version of the forward
model (i.e. time lags are neglected). For a perfectly resolved model res(ﬁ) =1, where

I is the identity matrix. In most practical systems the non-zero off-diagonal elements

of res(H) represent blurring of the true model solution (Parker, 1994) while in a well-
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resolved system the diagonal values of res(H) are near unity. Transfer coefficients for
deep water buoy sites D1-8 (Fig. 3.3a), those with the longest records, are used to estimate
res(ﬁ) (Fig. 3.3b). The time-invariant model resolution (the diagonal values) is highly
variable at 1-deg resolution, ranging from 0.2 to 0.8, with low values indicating blurring
across directional bands. The available buoy array (D1-8) has the highest theoretical
resolution between 160-180° and 240-280°, and lowest at directions > 300°, as only buoy
site D1 is unsheltered to those directions. While this procedure could determine the array
with the best theoretical resolution, the important effects of observational uncertainty and
forward model error are not captured.

In (3.4) wave energy travel times are neglected, but are as large as 12 hours in the
~ 350km model domain. Time lags, ©(0), are estimated with great circle paths between
nearshore prediction site and wave energy front (observed at buoy D1) for each direction
(O’Reilly et al., 2016, Fig. B1). Additionally, offshore wave energy is assumed to be
homogeneous in the along-crest direction, a valid assumption for frequencies <0.09Hz

(Crosby et al., 2016, Appendix A). Including time lags in (3.4) yields
§(i,1) = / K2(i,0)E(6,1 —1(6))d6. (3.6)

Predictions at any given time and nearshore location depend on offshore spectra at many
recent times because waves at each frequency arrive from a range of directions (T depends
on 0). The time-dependent forward model is discretized at 1-hour time steps, and similar
to (3.5), in matrix notation is

Hx=y. (3.7)

where H, the model kernel, contains buoy site transfer coefficients. Rows of H span
nearshore locations, buoy-measured moments, and time-steps, while columns span off-

shore directions and time steps, lagged appropriately by t(8). The time-dependent
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forward model formulation, (3.7), is the same as O’Reilly and Guza (1998), but com-
putational advances allow higher directional (1-deg) and temporal (1-hour) resolution

estimates of offshore spectra.

3.4 Inverse Model

The forward model, (3.7), is under-determined and observations are noisy. Solu-
tions are therefore non-unique (Ochoa and Delgado-Gonzalez, 1990; Parker, 1994). A
unique solution is obtained by minimizing the log-likelihood cost function [with notation

suggested by Ide et al. (1997)],
J=MHx—y)"R Y Hx—y)+(x—xp) "B (x—xp), (3.8)

and requiring non-negative energy,

x>0. (3.9)

The solution minimizes the squared sum of normalized misfit to observations, y, and the
normalized adjustments to model prior, x, (Wunsch, 2006; Aster et al., 2013), under the
assumption that observation and model prior uncertainty are normally distributed. The
first RHS term of (3.8), the data misfit, is weighted by R !, the data error covariance
inverse. R is known for directional buoy observations (Long, 1980; Borgman et al., 1982);
however, off-diagonal data covariance terms are set to zero for simplicity (Appendix
B). The conservative approach increases the assumed observational uncertainty, but
may bias the least squares solution. The second RHS term of (3.8) is the adjustment
to the model prior, where x,, is WW3 directional spectra predictions from the National
Oceanic and Atmospheric Administration’s 1979-2009 hindcast reanalysis (Tolman,

2009; Chawla et al., 2013). Complete frequency-directional WW3 spectra at buoy site
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D1 are linearly interpolated to our model resolution (1° and 1-hour), and additionally
linearly interpolated from their logarithmic frequency resolution to typical buoy swell
band resolution (0.005 Hz).

We posit that WW3 makes good predictions of average incoming wave directions
because storm locations are well-defined by satellite wind observations that drive global
wave models. In contrast, model swell energies and detailed directional properties depend
on many modeling approximations, and may have significant error. Therefore, before
specifying x,, with interpolated WW3 predictions, two adjustments are made using energy
observed at offshore buoy site D1. First, for each 4-day case study, WW3 predictions are
shifted in time to achieve maximum correlation with observed energy at buoy D1 (shifts
in case examples are < 3-hours). Second, WW3 spectra energy at each f are adjusted to
D1 observations.

The prior adjustment in (3.8) is weighted by the prior uncertainty covariance, B,
where

B=WCW, (3.10)

constructed by weighting the model uncertainty correlation matrix, C, with the diagonal
matrix, W, containing the standard deviations, Gy, of X, uncertainty. Although the uncer-
tainty in WW3 bulk parameters can be estimated by comparison with buoy observations,
e.g. RMSE of WW3 offshore mean direction (8,,) in the SCB is ~ 10° for swell-band
waves (Crosby et al., 2016), the details of x, uncertainty are unknown.

The hypothesis that WW3 makes good predictions of peak wave directions is

implemented by specifying the variance of x, uncertainty, 6,(6), with the convolution,

G.(6) = OL/B(G’)xp(G —9')ae/, (3.11)
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where 0., is a constant O(1), and B(8') is a boxcar,

1/2Lp if 0| < Lp
B(®') = / 9l . (3.12)
0 otherwise
In the limit Lg = 1° (the model resolution), the uncertainty simply scales with the pre-
dicted energy level. However, with Lg > 1 the convolution in (3.11) allows uncertainty

in the peak direction. Values of oo = 0.5 and Lp = 25° produced plausible uncertainties,

e.g. see the grey-shading around the dot-dashed spectrum in Fig. 3.4.

Model smoothness is specified in the model uncertainty correlation matrix C, by a

Gaussian decay function,

2 2
C(AB,Ar) = exp [— (?) — (%) ] . (3.13)
0 1

The decay constants Lg and L; define model smoothness scales in direction and time
respectively, and likely vary by frequency and storm location (e.g. distant storms versus
local seas); however, GWM predictions may provide a plausible initial guess. Decor-
relation length scales, estimated from WW3 predictions [best-fit to the Gaussian decay
function (Eq. 3.13)], range from 10-30 hours and 16-20° with some dependence on
frequency band (Fig. 3.5), but weak cross correlation between direction and time (not
shown). Ultimately, weak sensitivity to decay constants was observed in our case exam-
ples (Sections 3.5.2, 3.6.2).

C is challenging to invert because it is not diagonal, is often poorly conditioned,
and is large (O 10* x 10*) for a 4-day time span at 1-hour and 1-deg resolution). The
number of model parameters is reduced by transforming to a truncated orthogonal eigen-

value space. Though not computationally trivial, the decomposition of C is performed
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only once for each set of needed Lg, L; as B scales linearly with W. Alternatively,
computation demands are significantly reduced by decomposing C in time and direc-
tion independently (C is separable in these dimensions), and would allow additional
dimensions to be added to the methodology, e.g. frequency, advantageously allowing
additional smoothness constraints. In either case the methodology remains the same:

before truncation, the decomposition of C yields
C=VDV', (3.14)

where the diagonal matrix D contains eigenvalues, and V the orthogonal eigenvectors.

The model covariance matrix is now
B=WVDV'W, (3.15)

with formal inverse,

B l=wlvDlviw1, (3.16)

where only diagonal matrices need be inverted. Truncation of eigenvalues smaller than
1073 of the largest eigenvalue produced stable solutions nearly identical to those without
truncation. For Lg > 25° and L, > 6-hours, truncation after the highest 500 eigenvalues

satisfied our criterion, and those matrices are denoted with the subscript k, where
By =wlviD 'viw! (3.17)
The truncated model, Xk, is related to the original by

Xk =ViW Ix and x=WVgxy. (3.18)
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The truncated model kernel is similarly
Hy = HWV. (3.19)
The cost function, rewritten as
J = (Hx —y) "R (Hiexi — y) + (3 — Xpk) "Dy (3 — Xpi) (3.20)
with the altered non-negativity constraint,
WVixg > 0. (3.21)

can be solved rapidly with quadratic programming minimization techniques (MATLAB

2016a Optimization Toolbox) in the equivalent form (Aster et al., 2013),

2
Ril/ZHk Rfl/Zy

Minimize Xk — . (3.22)

-1/2 -1/2
The numerical solution to (3.22) without the non-negativity constraint in (3.21) was tested
and differs negligibly from the analytical solution to the unconstrained minimization

(Wunsch 2006),
x* = BHT(HBH! +R)ly, (3.23)

confirming the numerics.

The minimum solution to (3.20) with (3.21) was slightly negatively biased at
the offshore buoy site D1 because event peak energies are consistently under-predicted
[owing to the smoothness constraint and proportionality of observed energy uncertainty

to itself (Appendix B)]. The bias is corrected with the additional constraint that the
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event-averaged offshore inverse and observed energy (D1) match. This constraint is
applied only at offshore site D1, as forward model errors and observational uncertainty

make it problematic to satisfy at all buoy locations.

3.5 Case studies

3.5.1 Synthetic input

A synthetic case study of the time-invariant forward problem (for simplicity)
demonstrates that the minimum solution to (3.20) with (3.21) behaves as expected, given
the forward model assumptions (e.g. linear wave propagation, along-crest homogeneity,
and no wave reflection) are satisfied. A plausible offshore directional spectrum (inspired
by WW3 predictions) is used to represent the true offshore energy distribution for an
example frequency band, 0.06Hz (solid-black in Fig. 3.4a). The forward model, H,
is created with the set of transfer coefficients at synthetic buoy site using backwards
ray-tracing. Synthetic buoy observations are generated with the forward model and the
true offshore spectrum, and perturbed randomly by the expected observational uncertainty
for a 3-hour buoy record at 0.005Hz frequency resolution (Appendix B). Additionally,
the model prior, Xp, is generated by shifting the true directional distribution (dashed-dot
in Fig. 3.4a). The model covariance is estimated with Lg = 25°, Lg = 25, and o0 = 0.5,
and decomposed into an orthogonal eigenvalue space and truncated. Estimated offshore
spectra, minimizing (3.20) with (3.21), are found using various combinations of synthetic
buoy observations (and corresponding forward models), specifically 1-buoy: D1; 2- buoy:
D1, D5; 3-buoy: D1, D5, D6 and 4-buoy: D1, D5, D6, D8 (colored lines in Fig. 3.4a).
As additional buoy observations are assimilated, solutions become increasingly similar to
the true spectrum (despite relatively large directional error in Xy) and prediction errors in

energy and mean direction, 6,,, decrease compared to xp, predictions at non-assimilated
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(validation) synthetic buoy sites (D2, D3, D4, D7, S2, S6) (Fig. 3.4b).

3.5.2 Real data input

Case studies with real buoy observations demonstrate the assimilation method’s
skill in practice, where forward model assumptions are necessarily violated to some
extent. Six moderate to large NW wave events were selected (Table 3.2), and various
combinations of buoys were used in the assimilation. For simplicity, the additionally
available offshore buoy observations near San Nicolas Island and offshore of Pt. Loma,
used to drive CDIP’s operational wave predictions (O’Reilly et al., 2016), are not included.
For each wave event, offshore conditions were found that minimize (3.20) with (3.21)
using varying sets of regional buoy observations and adjusted WW3 predictions at buoy
site D1. Each 4-day period, bracketing the event, was analyzed at 1-hour and 1-deg
resolutions. The first and last 12-hours are discarded as the solution to (3.20) cannot
consider lagged observations outside of the 4-day period (travel time lags are < 12-hours).
For each wave event, offshore conditions were found that minimize (3.20) with (3.21)
using varying sets of regional buoy observations and adjusted WW3 predictions at buoy
D1. Hereafter spectra generated from minimization of (3.20) and predictions from those
spectra are denoted by INV.

Tests with Lg = 25°, L, = 6-hour, Ly = 25°, and a = 0.5 and all available buoy
observations generated plausibly smooth offshore spectra, similar to the model prior, but
with modest adjustments. For example, the INV spectrum at peak frequency in case #4
(Fig. 3.6¢) is similar to the adjusted WW3 spectrum (Fig. 3.6b), but with more directional
asymmetry, increased temporal smoothness, and some additional features. The misfit
between INV energy predictions and buoy observations used in the minimization are are
generally small (right panels of Fig. 3.6). A notable exception is buoy site D2, where

peak observed wave energy is more than twice that predicted by INV and WW3.
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INV spectra with L; = 6hr, Lg = 25°, oo = 0.5, Lg = 25, and all available buoy
observations [availability varies with case study (Table 3.2)] are generated for all cases
at all swell-band frequencies. Frequency-integrated and time-averaged observed and
INV predicted energies (Fig. 3.7) show good agreement in many cases, but highlight a
particularly severe bias (misfits up to 3 standard deviations) at buoys D2 and D3, both
located in the eastern half of the Santa Barbara Channel (Fig. 3.1). These deep water
buoys are highly sheltered from NW swell by Pt. Conception, and we hypothesize
forward model errors are large. Relaxation of smoothness constraints, e.g. Lg = 10° and
L; = 3-hours, improved fits negligibly (not shown), and suggest that no plausibly smooth
spectrum exists that can fit all observations within their uncertainty. Santa Barbara
Channel nearshore buoys S1 and S2 are also biased low (Fig. 3.7) and the persistent
negative bias in the region suggests that additional energy may be directed into the Santa
Barbara Channel by diffraction around Pt. Conception, reflection off the Channel islands,
or refraction by surface currents. Additionally, previous studies suggest waves in the
SBC are difficult to model accurately (Rogers et al., 2007; O’Reilly et al., 2016; Crosby
et al., 2016). Buoy S4, located just offshore Huntington Beach, is also poorly fit in case
#2, but more cases are needed to determine if there is systematic forward model error at

this site.

3.6 Discussion

3.6.1 Assimilation method skill

Nearshore prediction skill is improved by corrections to the offshore boundary
condition and forward model. Here, only boundary condition corrections are considered.
Assimilating observations at sites with significant forward model error can reduce overall

model skill, and therefore buoys D2 and D3 are excluded from the following analysis.
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The skill of INV solutions with selected assimilated sites (D1, D5, D6, D8) is assessed
with comparisons of predictions and observations at non-assimilated (validation) buoy
locations. By design, improvement is expected at assimilated buoy sites (Fig. 3.6),
however, skill improvement at validation sites suggest that the INV offshore spectrum
is increasingly accurate, and prediction skill improvement is region-wide. For all cases,
assimilation improves skill for swell-band integrated bulk wave parameters, H; and 0,,
(Table 3.2). Both H; and 6,, RMSE is reduced by 20-50% relative to WW3 when buoys
sites D1, D5, D6, and D8 are assimilated. Assimilated model skill is also higher than
predictions made with observations at D1 and the Maximum Entropy Method (MEM,
Lygre and Krogstad, 1986), a commonly used technique to estimate directional spectra
from buoy directional moments. MEM is currently used in CDIP’s operational wave, but
with an heuristic blend of multiple offshore buoy observations (O’Reilly et al., 2016).
Overall INV predictions are most highly skilled, followed by MEM and WW3 predictions

respectively.

3.6.2 Model prior, B

The model prior and model covariance uncertainty select a solution from a
theoretically infinite set by imposing desired characteristics, e.g. smoothness or similarity
to a preferred model. Smoothness is set by the model correlation matrix, C, parameterized
by a Gaussian decay function, (3.13), with two adjustable parameters, Lg and L;. WW3
spectra predictions suggest that decorrelation length scales in time and direction increase
slightly with frequency and range from 10-28 hours and 16-21° (Fig. 3.5). The trend
in temporal decorrelation scale may appear counter-intuitive as low frequency energy
from distant storms may persist for days, whereas local-generated seas varies over
hours. However, owing to the dispersion of low-frequency energy over long travel

distances, energy at very low frequency (e.g. 0.05hz) decorrelates more quickly than high
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frequencies (e.g. 0.09 Hz).

Model solutions were generally insensitive to prior assumptions. INV spectra
skill at validation sites was insensitive to the following parameter ranges: 10° < Lg < 40°,
3-hour < L; < 18-hour, 0.25 < a < 1, and 25° < Lg < 50°. Ultimately Lg = 25° was
chosen because it yielded slightly higher prediction skill; L; = 6-hour because it agreed
well with time scales in regional buoy observations; and Lg = 25 and o0 = 0.5 because the
specified model prior uncertainty appeared plausible (e.g. Fig. 3.4). Variable parameter
values were also considered; Lg was set on a event-by-event, frequency-by-frequency
basis, to the directional decorrelation of WW3 predictions, however, resulting INV skill
changed negligibly. Though optimal parameter values vary by frequency and event, the
insensitivity suggests small adjustments are unnecessary.

The model prior uncertainty, Gy, controls the influence of WW3 predictions in
the INV solution. Previous studies, with an effectively constant G, were plagued with
spurious directional peaks from unlikely directions (Long and Hasselmann, 1979; Crosby
et al., 2016). The present o, parameterization, (3.11), harshly penalizes energy far
from peak energy in WW3 predictions (note the lack of spurious energy in Fig. 3.6¢).
Improved estimates of 6, would undoubtedly help constrain offshore wave conditions in
regional assimilations, but require a high-resolution ground truth.

The assumption of Gaussian statistics throughout the inversion framework makes
the search for a solution within a large model space computationally feasible. Although
buoy measured moments, (3.1), are % distributed, for the present high degrees of freedom
(196 given 3-hour 0.005Hz data, see Appendix B) the %2 distribution is well approximated
as Gaussian. Gaussian uncertainty is formally inconsistent with the non-negativity on
the INV solutions (e.g. grey shading of uncertainty in Fig. 3.4). However, the effect is
likely small because solutions without the non-negativity constraint in, (3.23), contained

relatively small amounts of negative energy (~ 10%)
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3.6.3 Implications for buoy array design

An optimal buoy array provides accurate nearshore predictions at acceptable cost.
Buoy costs depend on ease of servicing, mooring depth, exposure to shipping and fishing,
and other factors. Buoy benefits include improvement in skill locally and in regional
models. Offshore buoys are of primary importance, providing unsheltered, deep water,
observations free from forward model errors, and several hours before waves arrive at the
coast. Energy travel time lags in the SCB vary with wave direction, and both a southerly
located buoy (e.g. Pt. Loma) and northerly located buoy (e.g. Harvest) are needed to
provide nowcast and short-term forecast predictions (O’Reilly et al., 2016). In smaller
regions one offshore buoy may be sufficient. Nearshore buoy locations have historically
been determined by funding sources and local community needs, however, assimilation
methods provide estimates of the overall added predictive skill and may help assess
optimal buoy placement.

Our case studies are not comprehensive, but initial analysis suggests that assimi-
lation of nearshore buoy D8 yields the largest improvement in overall swell prediction
(mainly Hy), given that offshore buoy D1 is included (Fig. 3.8a). Both Hy and 6,, RMSE
are reduced at validation sites as additional buoy observations are assimilated (Fig. 3.8a),
and these incremental improvements help quantify the value of each additionally buoy.
Here, H; RMSE reduction is negligibly small after buoys D1 and D8 are assimilated, and
0,, RMSE reduction is negligible after D1 is assimilated.

Accurate unbiased directional buoy observations have historically been difficult
and expensive to acquire. Some buoy directional moments contained bias [e.g. the Na-
tional Buoy Data Center 3-m discus, (O’Reilly et al., 1996)]. More recently inexpensive
GPS sensors have been shown to yield accurate energy spectra and 2™ order directional
moments, but poorly resolve vertical motions resulting in biased 1% order directional

moments (Herbers et al., 2012). While the high value of accurate offshore directional
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moments for regional swell prediction is clear (O’Reilly et al., 2016; Crosby et al., 2016),
our analysis suggests less value for nearshore directional information. RMSE errors for
INV predictions generated with and without assimilation of nearshore directional buoy
observations are similar (Fig. 3.8a). Note that directional observations from offshore
buoy D1 are included in both inversions. Regional skill is most efficiently improved
improved by D1 energy and directional observations, and D8 energy observations. The
negligible improvement in regional skill by nearshore directional information may be
attributed to (1) the lack of shoreline reflection in the forward model (shoreline inci-
dent energy is assumed to completely dissipate) that affects directional observations
significantly more than energy (Herbers et al., 1999; Crosby et al., 2016); and/or (2)
in increasingly sheltered regions directional observations become nearly redundant to
energy observations because waves arrive from a single known direction. The only
useful information is the magnitude and timing of arriving energy, the arrival direction is
already known. Although adding relatively little to regional swell prediction (given the
non-reflective, linear forward model), directional nearshore observations may provide
useful local wave information, e.g. providing robust estimates of local radiation stress
(Longuet-Higgins and Stewart, 1964).

Theoretically, additional buoy observations add the most skill when their offshore
transfer functions (Fig. 3.3) are most unique, providing additional constraints on the
offshore spectrum. The mean array resolution (Fig. 3.8b) is estimated by averaging the
res(H) diagonal weighted by the 2000-2009 WW?3 offshore spectra climatology (resolving
power is needed most at the most common arrival directions). Perhaps fortuitously, the
mean resolution indicates the largest theoretical improvement from buoy D8 given D1,
the same result observed in the case studies with real observations. This analysis focuses
on existing buoy sites, applicable to identifying redundant observations and regions of

significant forward model error. If the forward model is trusted, ideal buoy sites could
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be determined by the added theoretical resolution, similar to analysis by O’Reilly and
McGehee (1994). However, the forward model fails in some locations (e.g. east end
of SBC). Short-term buoy deployment (e.g. 1-2 years) at selected sites could test the
existing forward model, identifying well-predicted regions, those where the model fails,
and sites that add the most value to swell prediction region-wide. This application of
our inverse methods is preliminary; the incorporation of multiple offshore buoy sites,
the addition of shoreline reflection (Ardhuin and Roland, 2012), and the comprehensive

analysis of additional observations are needed.

3.7 Summary

Here, we developed methods to assimilate nearshore directional wave buoy ob-
servations of frequency spectra and offshore global wave model (GWM) predictions
of frequency-directional spectra. Assimilation yields accurate, high-resolution (direc-
tion and time) offshore wave spectra used to produce accurate high-resolution (space
and time) coastal wave predictions. Methods use linear (shoaling and refraction) wave
propagation assumptions, valid on narrow continental shelves, e.g. the US West Coast,
at swell-band frequencies (0.04-0.09 Hz). The linear wave energy propagation model,
generated with backwards ray-tracing techniques, requires minimal computation and en-
ables relatively rapid assimilation (compared to 4DVAR techniques). Regional prediction
skill improvements are relatively insensitive to user-determined constraints. Nearshore
buoy observations poorly fit by assimilated offshore spectra identify sites where forward
model error is likely, i.e. significant wave physics are missing from the linear model.
Overall improvements to regional swell prediction skill from assimilation are modest,
and increments become insignificant after 2-3 buoys are assimilated. Varying the buoy

observations included in the assimilation provides insight into optimal array design for
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regional swell prediction. The Bayesian framework of the assimilation advantageously
incorporates prior information easily, e.g. offshore GWM spectra predictions. Future
improvements to GWM predictions, and an improved understanding of their uncertainty,
will ultimately improve regional prediction skill. Though methods are restricted to
regions and frequencies where wave propagation is approximately linear, these computa-
tionally rapid methods could be incorporated into a larger assimilation scheme, providing
estimates for low-frequency energy and/or a first-guess for more sophisticated non-linear

techniques.
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Table 3.1: Deep and shallow water buoys site CDIP (Coastal Data Information Program)
and NOAA (National Oceanic and Atmospheric Administration) identification numbers.

ID CDIPID NOAAID Name Depth [m]
Deep Water
D1 071 46218 Harvest 550
D2 107 46216 Goleta 182
D3 111 46217 Anacapa 114
D4 028 46221 Santa Monica 363
D5 092 46222 San Pedro 457
D6 096 46223 Dana Point 373
D7 045 46224 Oceanside 220
D8 100 46225 Torrey Pines 550
D9 093 46231 Mission Bay 201
D10 095 46226 Pt La Jolla 181
Shallow Water
S1 131 - Rincon Point 20
S2 141 46234 Port Hueneme 20
S3 118 - Leo Carillo 20
S4 172 46230 Huntington Beach Nearshore 20
S5 043 46242 Camp Pendleton 20

S6 155 46235 Imperial Beach 20
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Figure 3.2: (a) Nearshore ray angle versus offshore ray angle for rays traced backwards
from buoy site D8 traced with 0.07Hz wave energy phase speeds. Integration at 1-deg
resolution yields (b) energy transfer coefficients at buoy site D8. Grey estimates are at
finely spaced frequencies (0.0675-0.0725Hz at 0.0005Hz spacing) and then averaged to
represent each frequency band (black).
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Figure 3.3: (a) Time-invariant transfer coefficient versus offshore direction at deep
water SCB buoy sites (labeled) for energy, a,, (black) and directional moments: a;
(blue), b; (red), a, (yellow), and b, (purple). (b) Diagonal values of resolution matrix,
res(ﬁ), versus offshore direction.
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to gaussian (Eq. 3.13) of WW3 autocorrelation function.
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Figure 3.6: Offshore directional spectra (left) and energy observations and predictions
at buoy sites (right) at the 0.06Hz swell band frequency for a wave event during January
2008 (Case #4). Grey shading indicates observational uncertainty at 95% confidence. (a)
WW3 spectra, (b) WW3 spectra is shifted 1-hour backward in time and adjusted to match
total energy observed at buoy D1, (c) INV spectra generated using all buoy observations
(left) and adjusted WW3 spectra in the minimization of (3.22) with L, = 6-hours,
Lo =25°, a= 0.5, and Lg = 25. The largest misfits to buoys D2 and S2 are likely
owing to forward model errors in the eastern Santa Barbara Channel.



10°
4+ D1 x S8
©Q D2 A s4
@ D3 X S5
+ D4 S6
4+ D5
+ D6
(\IE + D7 °
E D8
4+ D9
%10‘1 + D10 /f
S A st éq_
E A s2 +O
(8o
C o)
A
ol OAA
102
102 107 10°

Observed E [m?]
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at specified validation sites (Table 3.2) averaged across all cases versus varying combina-
tions of assimilated buoy observations (L; = 6-hours, Lg = 25°, oo = 0.5, and Lp = 25).
‘None’ corresponds to the un-adjusted WW3 prediction, and has the largest errors. Solid
lines show assimilation of nearshore buoy observations including directional moments,
while dashed lines show assimilation of only nearshore buoy energy observations. Over-
all error is reduced with additional buoy observations, and assimilation of nearshore
directional observations have minimal impact. (b) Mean of the res(ﬁ) diagonal weighted
by the 2000-2009 WW3 offshore spectra climatology for the given buoy array (x-axis).
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Appendix A

Linear propagation and along-crest

homogeneity

Low frequency energy arriving from distant sources, e.g. high southern and
northern latitudes, is along-crest homogeneous on the scale of the SC domain (300km),
much less than the travel distance (Fig. A.l). Additionally, at these spatial scales,
low frequency energy is assumed to propagate at the theoretical group velocity, c,,
with negligible dissipation, generation, and non-linear energy transfers. Under these

assumptions, energy is transformed at each frequency and direction as
E<ﬁ79j7xk7t) = Kz(fv e) E[fl'7ejvxp7t+r(ﬁv e]an>] ) (Al)

where the transfer coefficient, K2, captures the effect of bathymetry induced refraction,
shoaling, and island shadowing. The time lag, T, for each location (x;), frequency, and
direction is

Ax cos9;

T(fi,0,Ax) = W, (A.2)

and illustrated in Fig. A.1.
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Assumptions (A.1) and (A.2) are tested offshore, with no bathymetry effects
(i.e. K2 = 1), using complete frequency-direction WW3 predictions, Fy,,,3(f,0), that do
not make these assumptions. Buoy observations, with inherent directional uncertainty
(Section 2.3), are less reliable for this test of assumptions. Fy,3(f,0) predictions at
NOAA buoy site 46042 (Fig. A.2a) are used in (A.1) and (A.2) to predict wave conditions
at buoy locations 46028, 46011, 46069, and 46047. These linear predictions are compared
with F,,,3(f,0) predictions at the buoy sites. The predictive skill of the assumptions in
(A.1,A.2) is shown in Fig. A.2b using the R? metric. Skill declines sharply above 0.09Hz
for prediction sites furthest from buoy 46042 (Fig A.2) and was similar for varying wave
directions (not shown). The high skill of equations (A.1) and (A.2) confirms the validity
of both long-crest homogeneity and linear wave energy propagation assumptions for
frequencies < 0.09Hz.

Here, these assumptions are used with transfer coefficients to predict waves
nearshore, however, they can be additionally used to parameterize a typical regional
wave model boundary with a single point-based observation or GWM prediction. E.g.
locations along the thick black line in Fig. A.1, representing a wave model boundary,
could be well predicted using equations (A.1) and (A.2) for similar spatial scales (O

100km) at similar frequencies (0.04-0.09Hz).
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Figure A.1: Schematic of along-crest spatial homogeneity assumption and linear wave
propagation at the group velocity, ¢,. Wave conditions (buoy observations or GWM
predictions) at yellow symbol are used to predict waves at the red x. The time lag,
T(f,0,Ax), is used with complete frequency-directional spectra, E(f,8,7), to make

predictions at location x.
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Appendix B

Directional buoy observational

uncertainty

Directional wave buoys measure vertical (z) and horizontal (x,y) translations or
pitch, heave, and roll equivalently, and from these observations constraints on the phase-
averaged wave energy spectrum, E(f,0), can be obtained. Cross-spectra estimates at
each frequency, f, can be related to the first five moments of the directional distribution’s

Fourier series (Longuet-Higgins 1963)

1T Ny -
ai Qur/[See(Sux + Syy)]'/2

Y= |b1| = | Quy/[Sez(Sxx + Sy)]/? | (B.1)
az (Sxx = Syy) / (Sax + Syy)
b2] | 2Cy/(Cu+Cyy)

and are frequently normalized as shown above to reduce errors from instrument gain

(Long, 1980). Here, S,C, Q are power, co, and quad spectra. Low-order moments in y
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are related to the directional spectrum at each frequency by

ao [D(8)d6
ai /' D(B)cos6db
bi| = | ID(@®)sin6de | - (B.2)

a [ D(6)cos26d6

br| | /D(8)sin26d6

Variance and covariance estimates of y have been derived (Long, 1980; Borgman et al.,

1982) and used in Chapter 2. In Chapter 3 unnormalized moments are used such

Sz
Qe
Q. , (B.3)
Sxx = Syy

@
Il

2ny

with variance (Bendat and Piersol, 1971)

2
1 2
2 (Szszx + sz)
%(SZZSYY + Q?y) ) (B'4)
St + S5 — 1oy SceSyy

2(SxSyy + cgy)

var(y) =

1
Vhd

where 2 x ny; = degrees of freedom, and 7 is the signal coherence. At 0.005Hz fre-
quency resolution and 3-hour smoothed temporal resolution n; = 48. Onboard Datawell

(http://www.datawell.nl/) buoy processing slightly smooths observations across frequency,



88

increasing the degrees of freedom (n; = 96). Note, however, that neighboring frequency-
band observations are no longer statistically independent.

Although covariances between buoy moments have been estimated (Long, 1980;
Borgman et al., 1982; Bendat and Piersol, 1971), for computational simplicity they
are often ignored (O’Reilly and Guza, 1998). The simplification significantly reduces
inversion computation time in Chapter 3 by allowing transformation to an orthogonal
model space. Advantageously, the rapid transformed inverse methods could be expanded
to frequency space, allowing additional smoothness constraints. Assuming independent
variance (zero covariance) overestimates observation uncertainty, and may partially

compensate for forward model errors (e.g. missing physics in wave propagation).
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