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1 General Introduction
Throughout history, communities were established along coastlines because ports
provided a large opportunity for trade, jobs, and transportation. Today, although methods
of transport and trade have evolved, coastlines are still popular locations to live, work,
and recreate. However, this enjoyment of the coastline has become an ongoing battle
between nature and humans- where population, infrastructure, and economic investment
along the coast face erosion and flood hazards produced by the natural variability of the
coastal system. While established property lines have attempted to fix the position of the
coastline, external forcings such as the wave climate, fluctuations in water levels, and
gradients in longshore sediment transport, erode and accrete the shoreline over a variety
of spatial and temporal scales. When these natural patterns of erosion and progradation
interact with coastal infrastructure, they become coastal hazards. Understanding the level
of present day vulnerability to these hazards along stretches of coastline can assist in
coastal defense design and flood risk assessments.
In this study, we assess coastal hazards through the evaluation of extreme total
water levels (TWLs), produced by the combination of mean sea level, the deterministic
astronomical tide, non-tidal residuals, and storm wave-induced water level variations
(e.g. Sallenger, 2000; Ruggiero et al., 2001) in the U.S. Pacific Northwest (PNW). The
PNW has one of the most dramatic wave climates in the world where significant wave
heights are on average 3.0m and average peak wave period is around 12s. In the summer,
the average significant wave height decreases to 1.9m with periods of approximately 9s.
Seasonal fluctuations in atmospheric pressure, coastal winds, and wind-generated
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currents affect the water level and sea level is highest during the winter months (Komar
and Enfield, 1987). Winter storms from atmospheric low pressure systems also create
high water levels by producing strong, onshore winds generating storm surges on the
order of 0.5 – 1.5 m (Allan and Komar, 2002; Allan et al., 2011). The PNW coastline also
experiences alternating phases of El Niño and La Niña due to the El Niño Southern
Oscillation (ENSO). During El Niño years, not only does thermally expanded warm
water increase water levels 10s of centimeters higher than average, but larger than
average wave heights with anomalous wave angles enhance longshore sediment
transport, resulting in hotspot erosion (Komar, 1986; Allan and Komar, 2006).
Similar to other coastlines around the world, the PNW may also be significantly
impacted by the effects of a changing climate. Accelerating trends in global mean sea
level rise (SLR) (Church and White, 2006) and increasing storm frequency and intensity
(Graham and Diaz, 2001; Knutson et al., 2010), have the ability to produce higher TWLs
along the coast. In this study, we focus on the extreme events due to their ability to
generate the most significant flooding and erosion along the coast. Because extreme
TWLs result from a combination of components, coastlines may not have experienced the
co-occurrence of the maximum level of each component over the relatively short record
length. To address these limitations we create a time-dependent, full simulation TWL
model that can be applied to coastal defense design and flood hazard risk assessments.
Each component of the TWL is simulated based on approximately 30 or more years of
data and the conditional dependencies between respective components to produce various
combinations of TWL events and more robust estimates of TWL return levels.
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Abstract
Coastal flood hazard zones and the design of coastal defenses are often devised using
either the maximum recorded total water level (TWL) or a ‘design’ event such as the
100-year return-level flood, usually projected from observed extreme events. Despite
technological advances driving more consistent instrumental records of wave heights and
water levels, the observational record may be short, punctuated with intermittent gaps,
and vary in quality. These issues in the observational record result in limited estimates of
extreme return-level events. We present a model that simulates the various components
(waves, non-tidal residuals, and tides) of TWLs on sandy beaches in a Monte Carlo
sense, taking into account the conditional dependencies that exist between the
components. Extreme events are modeled using non-stationary extreme value
distributions that include the effects of seasonality and climate variability. The resulting
synthetic TWL time series allow for empirical extraction of return level events and the
ability to robustly estimate and assess present-day flood and erosion hazards. We
demonstrate this approach along a northern Oregon, USA littoral cell and evaluate both
the chronic and extreme coastal hazards affecting the area. Simulations result in extreme
TWL return levels up to 90cm higher than those estimated from the “observational” TWL
record which results in approximately 25% more coastal flooding during the simulated
100-year return level event as compared to that event computed using “observational”
data only. More robust estimates of extreme TWLs and tighter confidence bounds on
return level events can aid coastal engineers, managers, and emergency planners in
evaluating exposure to hazards.
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2.1 Introduction
The coastline is one of the most dynamic environments on earth, where winds, waves,
currents, and high water levels alter coastal morphology over a range of time scales.
Forcing that results in morphological evolution ranges from millennial variability in sea
level rise (SLR) to winter storms producing high waves and surges that can dramatically
change the coastline in a matter of hours. It is only when these natural processes impact
established property and infrastructure that they are considered hazards. Evaluation of
these hazards must take into account not only the high level of natural variability of the
system, but going forward, the potential impacts of human-induced climate change.
Significant effort has been directed toward detecting and understanding the
temporally and spatially variable accelerating trends in global mean SLR (Church and
White, 2006) influenced by processes in the ocean, atmosphere, and cryosphere
(Menéndez and Woodworth, 2010; Sallenger et al., 2012). While understanding and
predicting the range and variability in SLR is important, it is the coincidence of high
water levels and storm-induced wave heights that has the potential to exacerbate
inundation and erosion along vulnerable coastlines. Increasing storm frequency and
intensity (Graham and Diaz, 2001; Knutson et al., 2010), possibly also linked to global
climate change (Graham and Diaz, 2001; Emanuel, 2013), has the ability to produce
larger wave heights along the coast. This was demonstrated along the Pacific Northwest
(PNW) coastline where buoy-measured significant wave heights (SWHs) have been
increasing since the mid 1970’s (Allan and Komar, 2006; Ruggiero et al., 2010).
Although trends derived solely from buoy data have been brought into question due to
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buoy hardware modifications (Gemmrich et al., 2011), similar patterns have been
observed when considering only trends in reanalysis (Méndez et al., 2010) or altimetry
data (Young et al., 2011; Méndez et al., 2010). Our focus here is on extreme total water
levels (TWLs), produced by the combination of the mean sea level, the deterministic
astronomical tide, non-tidal residuals, and storm wave-induced water level variations
(e.g. Sallenger, 2000; Ruggiero et al., 2001).
Extreme value theory was developed to quantify stochastic behavior or processes
at unusually large or small levels (Gumbel, 1958; Leadbetter et al., 1986; Coles, 2001).
Some of its earliest application was to hydrology and closely related problems in
climatology and engineering (Katz, 2002; Coles, 2001). Now, the statistical measure of
extremes is related to a variety of environmental phenomena, including wave heights and
water levels (e.g., Méndez et al., 2006; Méndez et al., 2007; Menéndez and Woodworth,
2010; Ruggiero et al., 2010; Callaghan et al., 2008). Extreme value approaches for
estimating return levels from instrumental records depends on the record length, which
must be sufficiently long. Statistically, longer records imply smaller standard errors, and
meteorologically, the record should be long enough to encompass the full range of
variability in extremes. For example, Ruggiero et al. (1996) projected a 100-yr SWH of
approximately 10m using a 24 year PNW wave record through 1996. Wave events of this
magnitude were exceeded 5 times in subsequent years, during particularly strong El Niño
(1997/98) and La Niña (1998/99) years (Allan and Komar, 2000), and are now
considered to be closer to the annual event. Circumventing the problem of short records,
and the loss of information about extreme events, Goring et al. (2010) simulated and
randomly recombined tides, mean sea level, and storm surge to produce thousands of
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estimates for robust statistics on extreme sea levels in tide-dominated environments. This
technique was found to compare well with return level events extracted from the
observational record.
Since we are analyzing extreme events produced by a combination of factors
(water level + wave climate) we use a Structural Function Approach (SFA) – where a
structural function is used to determine the quantity of interest. For example, if the
quantity under investigation is the amount of coastal flooding, the TWL structural
function can be calculated by adding all “observational” TWL components. Return level
events are then calculated based on extreme value distribution fits to the combination of
components instead of to the extremes of the individual components. The SFA yields
satisfactory results for estimating coastal flooding hazards (Ruggiero et al., 2001; Garrity
et al., 2006) and beach erosion (Callaghan et al., 2008).
Full simulation, probabilistic models are utilized to produce more robust estimates
of extreme events than the “observational” record alone. These models have been applied
as a solution for short records across a variety of environmental phenomena. For
example, similar to the idea of the Goring et al. (2010) approach, Rahman et al. (2002)
used a Monte Carlo simulation technique to simulated rainfall and runoff events to
produce flood frequency curves that allowed for joint dependencies between key flood
producing variables. Not only does this technique reproduce flood-frequency curves with
reasonable accuracy, but it allows for the effects of inherent variability in flood producing
factors. Similarly, Callaghan et al. (2008) used a probabilistic framework to quantify
beach erosion by simulating wave height, wave period, non-tidal residuals, and event
duration and spacing. Extremes were fit to stationary extreme value distributions and

8

wave heights, non-tidal residuals and storm duration dependencies were fit to
distributions that modeled this co-dependent relationship accurately. Extreme beach
erosion was then quantified using a structural function. Probabilistic estimates of
extreme erosion matched well with observed erosion collected during field surveys. More
recent studies have simulated entire deep-water sea states (wave height, mean period,
mean direction, wind speed, wind direction, surge, and tide) while preserving the
dependencies between the variables (Goulby et al., in review). These conditions are
brought to the nearshore using a transform function and then can be used for risk
assessment along the coast.
Because extreme TWLs are a combination of components, there is the likelihood
that coastlines have not experienced the co-occurrence of the maximum level of
astronomical tide, non-tidal residuals, and wave induced water levels over the relatively
short instrumental record length. To address these limitations, we develop a timedependent, full simulation TWL model that can be applied to coastal defense design and
flood hazard risk assessments. To apply the model, we first construct complete
“observational” records of all TWL components, fit extreme SWH and non-tidal residuals
to extreme value distributions, and then simulate multiple, synthetic time series of
arbitrary length, for each of the TWL components. Each component of the TWL is
simulated based on approximately 30 or more years of data, and includes the joint
dependencies between respective TWL components. These synthetic time series produce
various combinations of events and more robust estimates of TWL return levels.
This paper is organized as follows. First is a description of the study site. Second
is an explanation of the methods used to compute TWLs and how to model extremes
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using time-dependent extreme value distributions. Next, we discuss the difference
between a structural function approach and a full simulation approach for modeling
extreme events. Then we demonstrate an application of the model by estimating return
level events along a representative littoral cell for northern Oregon. Lastly, conclusions
are given.

2.1.2 Application Area
While the methodologies presented in this study can be applied to a range of coastlines
with wave and water level measurements, we choose to apply it to a representative
northern Oregon, USA littoral cell, Rockaway (Figure 1). The Rockaway littoral cell is a
30km stretch in which two small inlets divide the coastline into three distinct subcells; the
Bayocean Spit, Rockaway, and the Nehalem Spit. Portions of Bayocean Spit and
Nehalem Spit are slowly accreting sand, but are affected by hotspot erosion (Allan &
Hart, 2008). The Rockaway sub cell is the most highly developed and has experienced
significant recent erosion, mostly coinciding with the 1997/98 El Niño. Portions of the
shore have eroded by as much as 47m (Allan & Hart, 2008). The net loss of sand from
the entire cell is estimated to be approximately two to two and a half million cubic meters
of sand from 1997-2008 (Allan & Hart, 2008). Because persistent recent erosion in this
area has begun to threaten local infrastructure, we apply our estimates of TWLs to
evaluate chronic and extreme coastal hazards in this littoral cell.
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Figure 1: Map of the region of study, the Pacific Northwest (PNW) with Rockaway
littoral cell inset. Locations of NDBC buoys (cyan), the WIS hindcast (magenta), and
NOAA tide gauge (green) used to compute the continuous TWL record are also
displayed.

2.2 Methods
Below we present our methods for (1) developing a continuous time series of all wave
climate and sea level components comprising TWLs, (2) modeling extremes, (3)
simulating TWL time series, and (4) applying the TWL model in the context of
Sallenger’s (2000) storm impact scale to assess exposure of the Rockaway littoral cell to
erosion and flooding.
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2.2.1 Development of an Observational TWL Time Series
At any given time, the elevation of the TWL is comprised of four main components such
that
(1)
where

is the mean sea level,

non-tidal residual, and

is the deterministic astronomical tide,

is the

is the wave runup (Ruggiero et al., 2001) (Figure 2).

Figure 2: Definition sketch of the total water level (TWL) model.
is the mean sea
level, ( ) is the predicted astronomical tide, (
) is the non-tidal residual and ( ) is
the wave-induced change in water level, wave runup. Dune erosion occurs when the
TWL exceeds the elevation of the dune toe, and overtopping/flooding occurs when the
TWL exceeds the elevation of the dune crest (modified from Ruggiero et al., 2001).

Using Equation 1, TWLs are derived by combining runup computed from wave
buoy data with water levels from tide gauge measurements. In order to encompass the
full range of variability in the combination of components that drive extreme TWLs, a
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continuous, long record is preferable. To develop a TWL time series relevant to the
northern Oregon coast, we obtained hourly water level data from the NOAA operated
South Beach (SB) tide gauge (station 9435380), located in Yaquina Bay, Oregon (Figure
1; Table 1). The SB tide gauge record covers the time period of 1967-2012, and is the
longest, most continuous record of water levels for the north-central Oregon coast. While
investigating PNW uplift rates based on benchmark and tide gauge data, Burgette et al.
(2009) discovered one of the primary benchmarks to which the SB tide gauge is
referenced was established on unstable ground. To account for this benchmark
subsidence, water level data was adjusted by adding linear correction rates of 4.99mm/yr
and 1.59mm/yr, for the periods of Feb 1967 - Jul 1972, and Aug 1972 - Aug 1996,
respectively (Burgette et al., 2009).

Table 1: Wave climate and tide gauge data sources.
Name
Wave Data
Tillamook
Columbia River Bar
Washington
WIS Station
Tide Data
South Beach (SB)

ID

Source

Data Range

Depth

46089
46029
46005
81067

NDBC
NDBC
NDBC
USACE

Nov-2004 – ongoing
Mar-1984 – ongoing
Sept-1976 – July 2012
Jan-1981 – Jan 2004

2289 m
144.8 m
2981 m
N/A

9435380

NOAA

Feb 1967 – ongoing

The water level data extracted from the tide gauge consists of three of the
components of the total water level; the MSL,
level with respect to some datum. The
station’s harmonic constituents while the

, and

The MSL is the average sea

is deterministic and can be computed using the
is defined as any elevation change in the
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water level not related to the deterministic tide. This can include water level variability
due to water temperature, the geostrophic effects of currents, and the presence of winds
and low atmospheric pressure (e.g. storm surge) (Komar and Enfield, 1987). A

is

traditionally defined as the difference between the measured tide and the predicted
astronomical tide (Pugh, 2004). However,

produced through simple subtraction can

be corrupted by timing errors or datum shifts (Figure 3; Pugh, 2004; Haigh et al., 2013).
While these errors can be relatively insignificant in situations when the
they can influence

estimates along coastlines with relatively modest

along the PNW coastline where

is large,
, such as

is rarely greater than 1m (Allan et al., 2011).

Therefore, to more accurately extract the meteorologically forced components a spectral
method of tidal constituent removal is used (Bromirski et al., 2003).
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Figure 3: Example of a timing error or datum shift from subtracting the predicted tide
from the measured tide. High-values from this oscillation may be misinterpreted as large
non-tidal residual values.

In order to extract the

from the tide gauge data, successive two-year blocks

of water level data were de-meaned, de-trended, windowed with a Tukey window, and
transformed to the frequency domain. Tidal bandwidths were selected based upon tide
bands observed in the power spectrum of the water level data. Assuming that non-tidal
forcing varies smoothly across the tide band, linear trends for spectral estimates below
the tidal bandwidths were estimated. Following Bromirski et al. (2003), the range of
variability for these spectral estimates was computed and multiplied by random numbers
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in the range of (-1,1), to randomize the variance estimate. The randomized variance
estimates were then added to the trend derived estimates and used to replace the data
where the tidal bandwidth was removed. The resulting spectrum excludes the tidal signal
and spectral estimates across each tide bandwidth appear similar to spectral estimates on
either side of the bands. In order to recover the original time series, the spectrum was
transformed out of the frequency domain. The two-year data blocks were processed with
a 50% overlap and 25% of the data was removed from each end of the overlapping blocks
to minimize window edge effects. The result is a

time series excluding energy at

tidal frequencies and preserving seasonal oscillations in the water level.
The wave induced component of TWLs, wave runup, is a combination of setup, a
super-elevation of the mean water level due to cross-shore gradients in radiation stress
(Longuet-Higgins and Stewart, 1963;1964; Raubenheimer et al., 2001), and swash, the
time-varying fluctuations about the setup. Wave runup is often empirically related to the
local beach slope and the deep water wave height and wave length (e.g., Holman &
Sallenger, 1986; Ruggiero et al., 2004; Stockdon et al., 2006). To calculate wave runup,
we use the empirical relation of Stockdon et al. (2006) for

, corresponding to the 2%

exceedance percentile of extreme runup peaks and parameterized by

(

where

(

)

[

⁄

is the foreshore beach slope,

water wave length, (where

,

(

)]

⁄

(2)
)

is the deep-water SWH, and
is the peak wave period and

is the deepis the
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acceleration due to gravity). In order to compute as complete a runup time series as
possible, time series of SWH and Tp were developed by combining several wave records
from the region. Buoys representative of northern Oregon include the deep-water
National Data Buoy Center (NDBC) buoy 46005, approximately 500km from the coast,
shelf-edge buoy NDBC 46089, approximately 150km from the coast, and NDBC buoy
46029, 40km from the Columbia River mouth. NDBC 46089 was chosen as the priority
buoy for the combined time series due to its location, relatively close to the coast but in
deep enough water such that the data are not affected by shoaling and refraction
processes (Figure 1; Table 1). Unfortunately, NDBC buoy 46089 has a modest record
length (installed in 2004), so the other buoys in the region were used to complete the time
series. To fill in remaining gaps in the record, wave hindcast data was obtained from the
Army Corps of Engineers (USACE) Wave Information Studies (WIS), Station 81067,
representative of the wave climate near NDBC buoy 46005.
Because each wave record represents various water depths and distances from the
coastline, the probability density function (PDF) of SWH is slightly different for each
record. Following the approach of Allan et al. (2012), we apply simple empirical
transformations to the wave climates at each individual buoy such that the transformed
climates are representative of the climate at NDBC 46089. Data from all records were
grouped into wave period bins and an average time lag adjustment was applied to account
for travel time of wave propagation between the record location and the location of
NDBC buoy 46089. A constant offset was determined based on the average SWH
difference in each period bin. This offset was then corrected such that the PDFs of all
buoys closely resembled that of NDBC 46089. In addition, the on-shelf buoy, NDBC
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46029, was reverse shoaled to deep water. Combining these transformed records, we
create a nearly continuous 32-year hourly time series.
Once the time series for both water levels and runup have been transformed into
extended, almost continuous records, extreme TWL events can be analyzed. Because
flooding and erosion events are most often exacerbated by the maximum TWLs during
storms, we focus on the evaluation of these extremes.

2.2.2 Evaluating Extreme Total Water Levels
Several methods are available for evaluating extreme TWLs. Below we first review the
extreme value theory necessary for various applications and then we describe the two
approaches to estimating return levels we later compare along the Oregon coast; the
Structural Function Approach (SFA) and the Full Simulation Approach (FSA).

2.2.2.1 Stationary Extreme Value Distributions
The simplest approach to evaluating extremes is the block maxima approach, where a
block of time (e.g. one year) is chosen and the maximum value across that time period is
selected, creating a series of maximum events (Coles, 2001; Katz et al., 2002; Smith,
2001). Block maxima values are assumed to be independent, identically distributed (idd)
random variables which can then be fit to the Generalized Extreme Value (GEV)
distribution,
( )

{ [

(

)

⁄

]}

(3)
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where

(

)

,

is the location parameter,

, is the scale parameter, and,

is the shape parameter, dictating the type of tail the distribution possesses. If
distribution is heavy tailed, while if

,

, the

, the upper tail is bounded and fits a Weibull

distribution. This distribution collapses to the Gumbel distribution when

While the

block maxima method is useful for evaluating extremes, it can be wasteful if additional
data are available, such as for example, an hourly time series. Therefore an alternative
method is chosen to model extremes, the peak over threshold (POT) approach, where
some high-threshold, , is chosen, and all peaks over that threshold, i.e. threshold
excesses, are evaluated over a length of time. All threshold excesses are assumed to be
idd random variables, and can be modeled using the Generalized Pareto Distribution
(GPD),
⁄

(

( )
{
where

)
(

is a vector of threshold excesses, (

(4)

)
),

is the scale parameter, and

is the shape parameter of the GEV distribution. In order to combine the exceedences
over a threshold with the frequency of the exceedences, we use the GPD-Poisson model
(Smith, 2001; Méndez et al., 2006; Katz et al., 2002). The GPD-Poisson model assumes
the number of exceedences,
annual mean,

, where

from any given year follows a Poisson distribution with

is the event rate per year and

GEV distribution (Smith, 2001) by

This model relates to the
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(

)

(

(

)

⁄

)

(5)

where the shape parameter is common to both distributions. Parameters of both the GEV
and GPD-Poisson distributions are estimated using maximum likelihood estimation
(MLE), an optimization procedure which adopts the model that assigns the highest
probability to the data through a likelihood function (see Coles, 2001; Méndez et al.,
2006; or Katz et al., 2002 for more information). The maximum likelihood estimator is
the parameter value that maximizes the log-likelihood function (or minimizes the
negative log-likelihood function) and is chosen as the parameter estimate (Coles, 2001;
Smith, 2001).

2.2.2.3 Non-Stationary Extreme Value Distributions
The GPD-Poisson model permits non-stationarity by allowing parameters to vary over a
certain length of time, (e.g. one year) which is beneficial since non-stationarity is inherent
to many climatological processes (Milly et al., 2008; Smith, 2001; Katz et al., 2002;
Menéndez et al., 2009). Because of the relationship between the models (Equation (5)),
the GEV then also inherits this time-dependence, and the parameters,

and

can be

modeled as non-stationary variables containing seasonal effects, long-term trends, and
even covariates representing climatic variability, such as ENSO variability (Méndez et
al., 2006; 2007; 2008; Katz et al., 2002).
The location parameter, ( ) can be modeled as a function of time based on data
trends and cycles. Here we explicitly model the seasonal cycle as
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( )

(

)

(

)

(

)
(6)

(
where

is a mean value,

and

)

are coefficients relating to the annual cycle,

and

are coefficients relating to the semiannual cycle, and is the time given in years. We
can add to this, linear (Equation (7)) or exponential trends (Equation (8)) if reasonable,
for example,
( )

( )

( )

(7)

or
( )
where

( )

(

( ))

(8)

is a long-term trend. These can be extended to quadratic models as well, if

appropriate (Méndez et al., 2006; 2008; 2007).
Interannual climate variability can be included as a covariate through regional
climate indices (e.g., Méndez et al., 2006). Climate indices represent atmospheric
patterns associated with teleconnections derived from one-point correlation (Wallace &
Gutzler, 1981) or principal component analysis (Barnston and Livezey, 1987). These
teleconnection patterns are often associated with ENSO. The climate indices of focus in
this study, the Pacific/North American Pattern (PNA), the Southern Oscillation Index
(SOI), and the Multivariate ENSO Index (MEI), are relevant to the northern hemisphere
(Stenseth et al., 2003). The PNA and SOI have been significantly related to SWH,
(Méndez et al., 2006; Allan and Komar, 2000), while the SOI and MEI have been related
to sea levels (Méndez et al., 2007; Komar et al., 2011). Taking into account this climate
variability, an example expression for modeling the location parameter is
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( )
where

( )

(

( ))

(

is the coefficient relating to the PNA index and

( ))

(9)

( ) corresponds to the

measured monthly PNA. Non-stationary trends and cycles in the scale and shape
parameter, ( ) and ( ), can also be modeled, however, here we only model the
location parameter, ( ) as a function of time for simplicity.

2.2.2.4 Extreme Value Model Selection
To investigate model fits involving different combinations of multiple parameters
we utilize quantile-quantile (QQ) and probability (PP) plots. If the chosen model is a
good fit, the PP and QQ plots should consist of points that display the model lines up
with the empirical data. We also use the Akaike Information Criteria (AIC) (Akaike,
1973),
̂( )

( )

(10)

where , is the number of parameters in the model, and ̂( ), is the maximum of the loglikelihood resulting from the model, to compare the quality of the goodness of fit of each
model. The smaller the AIC, the better the model fit.
In order to objectively determine which of the many potential models presents
the best fit to our data we use the likelihood ratio test (McCullagh & Nelder, 1989),
{ (
where
models

(

) and
and

(

)

(

(11)

)}

) are the maximized log-likelihood functions under nested

respectively, and

is the

quantile of the

distribution
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with k degrees of freedom. Large values of this statistic indicate nested model
, at the α level of significance.

explains substantially more of the variation then

2.2.2.5 Structural Function Approach
The Structural Function Approach (SFA) combines, via Equation 1, the measured water
levels and computed wave runup into an “observational” TWL time series which is then
fit to extreme value distributions to determine the return level events of interest
(Ruggiero et al., 2010). For example, in order to calculate a 100-yr return level based on
the observational record we first fit the observational TWL record to the stationary or
non-stationary GPD-Poisson distribution and then extract the return level estimate, ̂ ( ),
for the return period,

̂ ( )

, using

{

̂( )
̂( )

where

̂( )
[
{
̂( )
̂ ( ){ [

(
(

)]
)]}

̂( )

}

̂

(12)

̂

. Confidence intervals can be obtained using the delta method (Coles,

2001), which uses the asymptotic normality property of maximum likelihood estimates.
This approach therefore provides the ability to extrapolate the 100-yr return level even if
the record does not exceed 100 years in length.

2.2.2.6 Full Simulation Approach
We develop a Full Simulation Approach (FSA) to model extreme events not necessarily
present in the observational record. In order to address the random co-occurrence of
extreme events, we simulate daily synthetic time series of the main components of TWLs
including SWH, Tp,

, and

. We also create synthetic time series of mean wave
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direction (MWD) for computing wave propagation to the nearshore. Modifying the
approach of Callaghan et al. (2008), we (1) fit idd SWH and

events to a time-

dependent GPD-Poisson model, (2) fit dependency distributions between the SWHs and
, (3) fit the conditional dependency between Tp and SWH, (4) determine the
distribution fit for MWD, (5) determine the distribution fit for climate indices, (6)
determine the distribution fit for tide, and (7) simulate the wave climate and water levels
using the fitted distributions. This process is then repeated for the number of iterations
necessary to make return level estimates of simulated SWHs and

converge. When

these steps are completed we have time series of arbitrary length for each of the
components that contribute to a TWL. Here, return level events are empirically extracted
directly from the time series, using the “count back” method (Hawkes et al., 2002;
Goring et al., 2011). This is done by sorting a simulated time series in descending order,
and the return level for the return period, p, is the n/pth result, where n is ranked value of
data. For example, for a 500 year long time series, the 100-yr return level will be the 5th
largest event on record, the 50-yr return level will be the 10th largest event on record, etc.
Assuming the return level events are normally distributed, the confidence bounds for
each event are approximated using

(

).

2.2.3 Simulating Total Water Levels
2.2.3.1 Fit SWH and

to time-dependent GPD-Poisson models

Following Ruggiero et al. (2010), thresholds were identified by selecting an average of 5
extreme events per year over the length of the record. In order to ensure independence of
large SWH and

events we “decluster” storm events by choosing the maximum
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SWH and

event every 3 days (Méndez et al., 2006; Ruggiero et al., 2010). We then

fit the SWHs and

to time-dependent GPD-Poisson distributions.

2.2.3.2 Fit dependency distributions between SWH and
Modeling multivariate extremes adds a level of complexity compared to univariate
modeling due to the interrelated nature of many processes, e.g. low pressure atmospheric
systems produce storm surge (a component of

) and above average SWH. In order to

account for this dependency between SWH and

, we convert the approximate

marginal distributions of the physical variables using the transformation,
⁄ ( )

(
(

{

{

( )[
( )

{

( )
(

( )

( )

]

̂

})

(13)
̂

)})

where X is the threshold excesses and ( ) is calculated using Eqn. 5. This creates a
variable,

, whose distribution function has margins that are approximately standard

Fréchet when

(Coles, 2001). This transformation of X is used for both SWH and

and allows for comparison of the variables in a consistent scale in a distribution
whose dependence characteristics are well understood. Following Callaghan et al. (2008),
we use the logistics model (Tawn, 1988) to model the dependency between SWH and
,
{
where

and

}

(

)

[

]

(14)

are the rescaled Fréchet variates and α is the measure of dependence

between them. When α = 0,

and

are perfectly dependent variables, while α = 1
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corresponds to

and

being independent variables. The dependency parameter, α, is

estimated by maximizing the log-likelihood of this function, which is derived to allow a
bivariate pair to exceed a threshold in just one of its components (see Coles, 2001;
Callaghan et al., 2008). We assume that the dependency between SWH and

is

stationary.

2.2.3.3 Fit conditional dependency between SWH and Tp
The Tp is conditionally related to the SWH due to physical mechanisms, like wave
steepness (

) that restricts the possible range of Tp and SWH. Callaghan et al.,

(2008), modeled Tp variability with a log-normal distribution described by three
parameters dependent on SWH. For the PNW data set we find better model fits when the
Tp variability is modeled using a normal distribution with the mean,
deviation,

, and standard

, as a function of SWH as follows,
⁄

(
where

)

( (

) (

)

)

(15)

and c are fitted parameters.

2.2.3.4 Determine the distribution fit for wave direction
In order to incorporate seasonality into parameters not modeled using extreme value
distributions, we investigate their known monthly empirical distributions. Since the
monthly distributions of MWD failed to quantitatively fit known distributions, these
distribution fits are modeled empirically from the observed data. If extreme SWH and
MWD are correlated, this correlation is taken into account.

26

2.2.3.5 Determine the distribution fit for climate indices
If there is a relationship between extremes and interannual climate variability, monthly
distributions of MEI, SOI, and PNA are modeled using their respective known monthly
empirical distributions in order to simulate extremes of SWH and

extending beyond

the length of the observational record. This allows for ENSO and other long-term climate
variability to affect the simulated record differently than our observational record.
Because each climate index is representative of long term climate variability, they are
tested for monthly correlation against each other.

2.2.3.6 Determine the distribution fit for tide
The maximum TWL does not always occur during the daily maximum high tide, such
that choosing to consistently simulate the daily maximum tide would perhaps artificially
inflate estimates of TWLs. Therefore, we investigate the percentage of time that the daily
maximum observational TWL does coincide with the maximum daily tide. After
accounting for these instances, we develop an approach for appropriately simulating the
differences between the daily maximum tide and the tide occurring during the daily
maximum TWL. These differences are separated into 4 elevation bins relating to varying
elevations of the daily maximum tide. The differences in each were found to be
exponentially distributed and are randomly sampled. Random sampling produces a value
to subtract from the daily maximum tide, ensuring TWL occurrence over a range of tide
levels.
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2.2.3.7 Simulation strategy
Synthetic time series are simulated for each component of the TWL beginning at time
using Monte Carlo simulation techniques. In order to simulate in a Monte Carlo sense,
random numbers are generated following the described probability distributions for each
component. Random numbers are simulated from a uniform distribution based on each
variable’s respective empirical cumulative distribution function (CDF). Therefore, given
any cumulative probability distribution function, ( )

{

}, we can transform a

), to ( ) by solving ( )

{

}

uniform distribution, (
(

where

) (see Figure 4A). Here, we transform the random number estimate, A, to the

CDF of the known distribution that the SWH and

have previously been

transformed to, the Fréchet distribution. Based on the probability of occurrence of the
transformed value, the estimate is transformed back to the physical scale via the GPDPoisson or the monthly distribution, dependent on the variable’s threshold (see Figure
4B).
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A)

B)

Figure 4: Schematic of the simulation process across different distribution scales. A)
Transformation of a uniform random variate, A, to a known distribution. In this case, the
known distribution is the Fr chet distribution, . B) The physical variate is then
transformed out of the Fr chet based on the probability of occurrence of by using
either the fitted monthly distribution or GPD-Poisson distribution if below or above
threshold, respectively (modified from Callaghan et al., 2008).
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Following methods from Callaghan et al. (2008), we use the two-step Gibbs
sampling technique (Gemen and Geman, 1984). Rejection sampling is utilized to produce
the proper amount of values above and below respective thresholds.

Simulation procedure:
1. Randomly sample from monthly empirical CDF of climate indices. If two
indices are correlated, this correlation is reproduced in the simulations.
After Callaghan et al. (2008), we perform the following steps:
For the initial condition:
(

2. Generate a random number estimate

) and

( )

to “seed”

the SWH simulation.
For all following iterations:
2. Generate a random number estimate for SWH and
(

and

(

,

)

), respectively.

Then,
3. Transform

to the Fréchet scale with dependency
{

(
4. “Seed” the

)

by solving for
}

(

)

(16)

with the SWH variate in Fréchet space,

to the Fréchet scale with dependency

:

by solving for

, and transform
:

30

{

(

}
(

)

5. Transform Fréchet variates,

and

(17)

)

back to the physical scale (SWH and

) using the modeled extreme marginal distribution if over the threshold,
and the empirical monthly distribution if below the threshold:

( )
( )
( )

[{

( )

( )

{

}

]
⁄

( )

(18)

}
⁄

{

where

( )

( )

is the Fréchet deviate. For picks under the threshold, the probability

distributions are defined by (1) lognormal distribution fits to the monthly
empirical distributions for SWH and (2) logistic distribution fits to the
monthly empirical distributions for

(Table 2).

6. Wave period is simulated from the normal distribution (Equation (15) ). First,
and

are determined based on the randomly generated SWH, then Tp

estimates are randomly selected from the derived normal distribution.
7.

MWD is randomly simulated from the monthly empirical cumulative
distribution function.
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8. In order to simulate the tide, we first select the daily maximum tide for every
day. Next, a day in time is selected at random, and based on the elevation bin
the daily maximum tide elevation falls in, a point is randomly sampled from
the exponential fit representing the difference between the tide during the
maximum TWL and the maximum daily tide. This random number estimate is
then subtracted from the maximum daily tide for that day. This iteration is
repeated for the percentage of data points in which the daily maximum TWL
does not coincide with the daily maximum tide.
These steps are repeated for approximately 186,270 iterations, creating daily maxima
time series with lengths of 510 years. The first 10 years of data are wasted to ensure the
simulation converges to a Markov Chain.
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Table 2: Parameter estimates for monthly SWH and
distribution fits. Distribution fit
parameters are used in simulations when simulated variate is less than the threshold.
Distribution Parameters
Jan
Feb
March
April
May
June
July
Aug
Sept
Oct
Nov
Dec
Jan
Feb
March
April
May
June
July
Aug
Sept
Oct
Nov
Dec

SWH
Lognormal fit
1.3945
1.3353
1.3044
1.1191
0.8525
0.7257
0.5978
0.6102
0.8213
1.1284
1.3898
1.4175
Lognormal fit
0.3995
0.3850
0.3765
0.3831
0.3570
0.3565
0.2983
0.3256
0.3684
0.4181
0.4102
0.4157

Logistic fit
0.1943
0.1592
0.0974
0.0030
-0.0480
-0.0670
-0.0789
-0.0502
-0.0215
0.0056
0.1217
0.1724
Logistic fit
0.1125
0.1049
0.0910
0.0759
0.0633
0.0541
0.0378
0.0377
0.0486
0.0677
0.0994
0.1106

2.2.5 Application of Sallenger’s (2000) Storm Impact Scale
In order to assess the exposure of the Rockaway, OR littoral cell to erosion and flooding,
we investigate the level of the TWL compared to the backshore morphology (Sallenger,
2000). Alongshore varying morphodynamic parameters such as dune crest, dune toe, and
backshore beach slope (the average slope between the horizontal location of mean high
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water (MHW) and the dune toe), were derived from high-resolution lidar data collected in
September 2002 (NOAA Coastal Services Center, 2002). Automated techniques first
developed by Plant et al., (2002) and Stockdon et al., (2009) for the southeast US coast
where adapted by Mull (2010) for the PNW coast and were used to extract these
morphodynamic parameters, with a 10m resolution in the alongshore (Figure 5).
Because our simulations are developed for the deep-water wave climate of the
PNW (representative of the location of NDBC buoy 46089), it is necessary to use a
numerical model to simulate wave propagation to the nearshore. However, numerical
wave transformation models can be computationally expensive if run on each 500-yr
synthetic time series. Therefore, lookup tables were developed to relate offshore (deep
water) triplets of SWH, Tp, and MWD to their nearshore equivalents in an efficient
manner. The wave climatology was discretized into 1738 representative wave conditions
which were transformed to the nearshore over nested grids with three arc-minute to 30
arc-second resolutions (García-Medina et al., 2013) using stationary model runs of
SWAN (Booij et al., 1999). Waves were transformed with a 100m alongshore resolution
to the 20m contour (or where significant wave breaking first occurs, (
). Any combination of a deep water triplet’s nearshore equivalent can then
be interpolated from the 1738 model runs at every 100m location (Figure 5). The
Stockdon et al. (2006) wave runup parameterization used in this study relies on the deepwater equivalent SWH and Tp as inputs, so transformed waves were back shoaled from
the 20m contour to deep water.
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Figure 5: Geomorphic and hydrodynamic inputs for the application of Sallenger’s (2000)
storm impact scale. Data has been smoothed to a 100m alongshore resolution. The most
rightward panel is an example of a nearshore transformation from offshore NDBC 46089
to the 20m contour for a significant wave height of 10m with a peak period of 17s.

Once alongshore varying dune morphology and hydrodynamics are produced, we
apply the storm impact scale (Sallenger, 2000) to assess the impact of TWLs on both
chronic and extreme coastal hazards in northern Oregon. To investigate chronic hazards,
or erosional events that have a high probability of occurrence throughout any given year,
we assess the amount of time that the TWL is between the dune toe and dune crest
(TWL> dune toe, TWL < dune crest) and develop a parameter referred to as impact days
per year (Ruggiero et al., 2001). We assume that when the TWL is between these
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morphological features, the collision regime of Sallenger (2000), it is impacting the dune
and can therefore be used as a proxy for erosion. We can also assess chronic flooding
along the coastline by investigating overtopping hours per year, or TWL > dune crest, the
overtopping regime of Sallenger (2000)). This proxy can help assess areas vulnerable to
flooding from large events.
To assess extreme erosion and flooding potential along the coastline, we examine
the elevation difference between extreme TWL return levels (i.e., the 100-yr event, the
storm that has a 1% chance of occurring in any given year), and the dune crest to
determine the percentage of coastline one large event has the potential to erode or
overtop.

2.3 Results
This paper presents four groups of results. First, we investigate the measured wave, water
level, and computed TWL records. Next, we describe the selected non-stationary extreme
value models characterizing SWHs and

necessary for simulations. Then, we

demonstrate that the synthetic data accurately represents the observed TWL components
and compare TWL return level events. Lastly, we compare the alongshore variable
impact days per year and overtopping from extreme return levels from observations and
simulations for the Rockaway, OR littoral cell.

2.3.1 TWL Time Series
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Continuous time series for all TWL components were generated for northern Oregon.
Time series representing NDBC buoy 46089’s wave climate produced an approximately
32 year record with 99.3 %, 99.3%, and 95.1% coverage of SWH, TP, and MWD,
respectively (Figure 6). Spectral removal of the tide bands results in a

time series

that excludes tidal signals (Figure 7), preserves seasonal oscillations in the water level
(Figure 8) and covers 95.5% of the 32 year record. Calculating runup using Eq. 2 and a
representative foreshore beach slope ( ) of 0.04, and combining all components
produces a TWL time series that is 95% complete for northern Oregon from 1980-2012
(Figure 8).
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A)

B)

C)

Figure 6: Combined wave buoy and hindcast data transformed to represent NDBC 46089.
Figure displays SWH (A), Tp (B) and MWD (C). Different colors represent wave data
from different offshore locations where NDBC 46089 is represented by black, NDBC
46029 is represented by red, NDBC 46005 is represented by green, and WIS 81067 is
represented by blue. See Figure 1 for NDBC buoy locations.
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Figure 7: Raw tide gauge spectrum and representative non-tidal residual spectrum after
tide bands are removed over a two year block of time. Notice the even representation of
the spectrum across the bands once tide is removed.
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Figure 8: Representative tide ( ), non-tidal residual (
), wave runup (
) and
computed total water level (TWL) time series for northern Oregon over 1980-2012.

Significant seasonality exists in both the wave and water level components of
TWLs. SWHs are on average 3.0m in the winter, with an average Tp of 11.8s. These
values decrease to 1.9m and 9.7s in the summer for SWH and Tp, respectively.
have similar seasonal fluctuations, and non-tidal water levels vary about 15cm between
summer (lower) and winter (higher). The yearly average TWL is 2.4m with a seasonal
range of monthly means of approximately 1m (Figure 9). The maximum TWL event in
the record is 7.51m (relative to NAVD88), and is produced by the combination of a
2.45m tide (exceeded by 2.5% of the data), a 0.46m

(1.5%), an 11.5m SWH
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(0.01%) and a 20s (0.15%) Tp that occurred on December 2, 1987. R2% during this event
(using a representative beach slope,

) was calculated to be 4.6m (0.002%), and

therefore contributed to approximately 60% of the TWL (Figure 10). However, this
extreme TWL was not produced by the largest event on record for any of the individual
components. If the largest events of each individual component of the TWL (SWH =
14.5m, occurring on December 3, 2007, Tp = 20s,
31, 1982, and

= 3.04m occurring on December

= 1.2m occurring on December 16, 1970) had coincided, the TWL

produced would be approximately 2m higher than the largest TWL observed.

Figure 9: Representative TWL climatology (assuming
). The two lines indicate
the monthly mean TWL (black) and the monthly maximum TWL (red). Notice both the
monthly mean and the monthly max drop during the summer.
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Figure 10: The individual components, R2%, tide and
of the maximum total water
level (TWL) on record. Notice R2% accounts for approximately 60% of this elevation.

2.3.2 Selected Extreme Value Models
SWHs and

were fit to a variety of non-stationary extreme value models in order to

find the model that best represents the component variability over different time scales
(Tables 3 & 4). Threshold values of 7.5m and 0.46m, respectively, were selected based
on approximately 5 extreme events per year (after Ruggiero et al., 2010). Models were
tested and compared considering long term trends, seasonal cycles, and interannual
climate variability. Ultimately, the model that explains the most variability in SWHs is
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( )

(
(

while

)

(

)

(

)
(19)

)

( )

fit best to the model
( )

(

)

(

)

(20)

( )
where

is a mean value,

are coefficients corresponding to the annual cycle,

are coefficients corresponding to the semi-annual cycle, and

are linear

coefficients corresponding to the PNA or MEI climate indices. The best model was
selected by evaluating each model fit’s goodness of fit QQ and PP plots, AIC, and
compared to other nested models using the likelihood ratio test (Tables 3 & 4).
Most of the variation in the SWH data is due to the seasonal cycle, modeled as
two harmonics for the location parameter, which enhances the minimized negative loglikelihood by 170 units compared to the stationary model fit, significant at the 0.000001
level. The estimated value of

in the selected model is 0.21, so that every unit

increase in PNA results in an estimated increase of approximately 21cm in SWH. For
example, for a particularly high PNA value occurring during the 1982/1983 El Niño of
2.5, 0.5m of wave height variability is directly related to this index. Similarly for

,

one harmonic portraying the seasonal cycle improves the minimized negative loglikelihood by approximately 270 units, also significant at the 0.000001 level, and every
increase in the MEI results in approximately 3.4cm of increased water levels. This
attributes 10cm of water during El Niño years when the MEI index is close to a value of
3.
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Table 3: Maximum likelihood estimates for SWH GPD-Poisson fits. Here,
is a mean
value,
are coefficients corresponding to the annual cycle,
are coefficients
corresponding to the semi-annual cycle,
are linear coefficients corresponding
to the respective climate indexes,
is a mean value for the scale parameter, is the
shape parameter, p is the number of parameters used, nllh is the negative log-likelihood
and AIC is the Akaike Information Criterion . Model 6 is determined to be the most
representative of SWH.
MLE
β0
β1
β2
β3
β4
βLT
βPNA
βMEI
βSOI
α0
ξ0
p
nllh
AIC

1
9.769

2
9.8734

3
8.6933
2.6774
0.2323

4
8.2502
3.3382
0.8425
-0.4243
-0.8398

5
9.6811

6
8.1986
3.3250
0.8161
-0.4548
-0.8481

7
8.1995
3.3242
0.8162
-0.4545
-0.8482

8
8.1979
3.3254
0.8160
-0.4548
-0.8484

0.3265

0.2134

0.2142
-0.0031

0.2125

1.2929
-0.0906
4
106.851
221.702

1.1978
-0.1105
8
16.902
49.804

1.1975
-0.1107
9
16.902
51.803

-0.0065

1.2913
-0.0961
3
110.709
227.418

1.2914
-0.0959
4
110.585
229.170

1.1734
-0.1381
5
25.206
60.411

1.1925
-0.1150
7
18.344
50.687

-0.0012
1.1982
-0.1102
9
16.901
51.802

Table 4: Maximum likelihood estimates for non-tidal residual GPD-Poisson fits. Here,
is a mean value,
are coefficients corresponding to the annual cycle,
are
coefficients corresponding to the semi-annual cycle,
are linear coefficients
corresponding to the respective climate indexes,
is a mean value for the scale
parameter, is the shape parameter, p is the number of parameters used, nllh is the
negative log-likelihood and AIC is the Akaike Information Criterion. Model 6 is
determined to be the most representative of the non-tidal residual.
MLE
β0
β1
β2
β3
β4
βLT
βPNA
βMEI
βSOI
α0
ξ0
p
nllh
AIC

1
0.674

2
0.671

3
0.497
0.331
0.015

4
0.463
0.376
0.042
0.009
0.001

5
0.652

6
0.432
0.394
0.030

7
0.465
0.352
0.038

0.043

0.034

0.013
0.010

0.121
-0.125
4
-245.677
-483.353

0.096
-0.206
6
-375.237
-738.474

0.088
-0.236
7
-373.742
-733.484

8
0.459
0.355
-0.003

2.1x104

0.117
-0.199
3
-238.90
-471.80

0.117
-0.199
4
-238.911
-469.822

0.086
-0.290
5
-365.426
-720.852

0.092
-0.259
7
-367.471
-720.942

0.031
0.00012
0.0899
-0.229
7
-373.832
-731.664
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2.3.3 Full Simulation
Cumulative distribution functions (CDFs) of simulated daily maxima of each wave
climate parameter (SWH, Tp, MWD, and R2% (for

)) compares well to the

CDFs of the “observational” daily maxima wave climate parameters (Figure 11). Our
main focus in this study, the tail of the CDFs, the area of low probability of occurrence
that relates to the extremes, also replicates this comparison (Figure 11 insets).This result
confirms that the distribution of each parameter has been simulated appropriately. To
further ensure consistency in the simulated data, scatter plots of TWL components such
as SWH and

, demonstrate that an example simulation reproduces the relationship

between these components well (Figure 12). Careful consideration has been taken to
model the dependency between SWH and
quadrants ( (1) (

, and the percentages of data in 4

) , (2) (
) , and (4) (

) , (3) (
) ) represent this relationship well

(Figure 12A). The difference in the percentage of the simulated and observed SWH and
in Quadrants 2 and 3, representing when SWH and

behave identically, is

under 2%, while the difference in the percentage of the simulated and observed SWH and
is under 25% when they behave differently (i.e.

is extreme but SWH is not).

We find similarly acceptable agreement for the joint distributions of SWH and Tp, SWH
and MWD and the correlation between the MEI and PNA indices (Figure 12B-D).
CDFs of the simulated water level parameters,

and tide during the daily

maximum TWL, also agree with the observed TWLs components (Figure 13). The
simulated R2% CDF increases more gradually than the observed R2%, however, the tails of
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the distributions show good agreement. Since the tail end of the CDFs of the individual
simulated TWL components represent the tail end of the CDFs of the observational data
very well (Figure 13), any change in our eventual estimates of extreme TWLs is due to
the synthetic time series capturing more combinations of the co-occurrence of these large
events. Lastly, we compare the example synthetic time series to the observational time
series for each TWL component. From this comparison, it is clear the simulations of daily
maxima adequately reproduce the seasonality inherent to the dataset, as well as the
variability in extremes over the thirty year period (Figure 14).
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Figure 11: Cumulative distribution functions (CDF) comparing the simulated (blue) wave
climate to the observational (black) record. A) is the significant wave height, B) is the
mean wave direction, C) is the peak period, and D) is computed runup, assuming =
0.04. Insets of tail behavior are included to show consistency in the extremes, the focus of
this study.
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Figure 12: One example simulation (blue) compared to the observational (black) record.
A) is the significant wave height plotted against the non-tidal residuals, B) is the
significant wave height plotted against the peak period, C) is the significant wave height
plotted against the mean wave direction, and D) is the MEI index plotted against the PNA
index. Notice good agreement in all of the simulated data. Red lines indicate respective
thresholds for
and SWH.
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Figure 13: Cumulative distribution functions (CDF) comparing the simulated (blue)
TWLs to the observational (black) record. A) is the non-tidal residual (
), B) is the
maximum tide during the TWL (TideTWL), C) is the runup (R2%), and D) is the total
water level (TWL). Insets of the tail behavior are included to show consistency in
extremes.
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Figure 14: One sample synthetic time series (blue) compared to the observational time
series (black). Plotted are all the components of the TWL: tideTWL (
), non-tidal
residual (
), and runup (
).

Once we have assessed that the daily simulations provide an accurate
representation of the daily maxima data, we simulate multiple time series of each
component. Generating synthetic time series with a length of 500 years allows for
empirical extraction of the return level events rather than an extrapolation from a model
fit. To optimize the number of simulations necessary to robustly estimate extreme TWLs,
the mean of the 50 (not shown) and 100-yr SWH and

return levels are examined for

stability. After 20 iterations, 100-yr return levels stabilize around 1.04m and 15.2m for
and SWH, respectively (Figure 15). In order to ensure a large enough sample size of
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return levels, fifty daily maxima synthetic time series are generated for all components of
the wave climate and water levels.

Figure 15: The 100-yr return level estimates for SWH and
computed by averaging
each additional simulation. The number of simulations was selected based on the amount
of runs necessary for this variable to become stable.

2.3.4 Return Level Estimates
Return levels from the observational TWL record are extrapolated from the extreme
value distribution fit (

) using Eq. 12. The return level estimate of the 10-yr

event is 7.10m (±0.33), while the 100-yr event is 7.91m (±0.81). In comparison, the
average TWL return levels and corresponding 95% confidence intervals for the 10-yr and
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100-yr event across all 50 simulations using the FSA approach is 7.36m (±0.09) and
8.07m (±0.24), respectively (Figure 16; Table 5, columns 2&3).
The initial comparison between SFA and FSA extreme return level events
described above does not account for wave transformation processes across the shelf to
the nearshore and uses only a single representative foreshore beach slope of 0.04. The
Stockdon et al. (2006) formulation for wave runup is most accurately applied when using
waves shoaled to just before breaking and then reverse shoaled back to deep water.
Therefore, each of the 50, 500-year wave climate time series was transformed to the
nearshore (the 20 m contour or the seaward most occurrence of the wave breaking - γ =
0.4) at 100m resolution using the aforementioned lookup tables. Alongshore varying
beach slopes were extracted from lidar data, and then combined with the newly
transformed wave climate data to produce alongshore varying TWL estimates. Taking
this alongshore variability into account for both the simulated and “observational” record
results in a simulated 100-yr TWL return level up to 50cm larger than the observational
TWL for beach slopes in the range of 0.04 (
4).

>0.035 &

<0.045) (Table 5, column
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Figure 16: Comparison of total water level (TWL) return level estimates using the
structural function approach (SFA) and the full simulation approach (FSA). TWL
estimates for northern Oregon assume a beach slope of 0.04. Black points are the
“observational” TWL estimates, the red line is the model fit and the grey lines are the
95% confidence intervals. Blue points are the TWL return levels from each of the 50
simulations, cyan points are the average return level from the 50 simulations, and black
dotted lines are the 95% confidence interval, calculated by 1.96*standard deviation(return
level estimates). Note the FSA approach has slightly elevated TWLs and smaller
confidence bounds.
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Table 5: Return level estimates and respective 95% confidence intervals (CI) for the
structural function approach (SFA) and the full simulation approach (FSA). The values
are reported at the offshore NDBC buoy 46089 location using a foreshore beach slope
estimate of 0.04 (Columns 2&3). The effect of wave transformation to the nearshore over
a range of beach slopes close to 0.04 is estimated by Column 4. Column 4 displays the
average difference between the mean return level event computed across all 50
simulations and the return levels extracted from observational data. In parentheses is the
maximum value of this mean difference.

Return Levels:
Beach Slope
( )

Return Period
10
25
50
100
500

Offshore
0.04

Offshore
0.04

Transformed
0.035-0.045, N = 82

SFA

FSA

(95% CI)

(95% CI)

7.10m (0.33m)
7.44m (0.49m)
7.68m (0.64m)
7.91m (0.81m)
8.41m (1.26m)

7.37m (0.09m)
7.66m (0.14m)
7.87m (0.17m)
8.07m(0.24m)
8.53m (0.55m)

Mean differences
between simulated
and observed
return levels
(Max of mean
difference)
0.30m (0.47m)
0.27m (0.50m)
0.25m (0.55m)
0.22m (0.58m)
0.16m (0.68m)

2.3.5 Application for Evaluating Chronic and Extreme Coastal Hazards
We assess chronic hazards by computing the average number of impact days the
TWL reaches the dune crest, a proxy for the possibility of dune erosion (Sallenger, 2000;
Ruggiero et al., 2001; Ruggiero, 2013) in the Rockaway littoral cell of northwest Oregon.
Dune impact from the longshore varying TWLs, computed from the nearshoretransformed “observational” record, is highly variable across the littoral cell and can be
as large as 50 days a year. This averages in the longshore to approximately

(

impact days per year. The average of the 50 simulated TWLs have a maximum 180

)
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impact days per year. Averaged in the longshore, this equates to

(

) impact

days per year (Figure 17). The average dune height along this littoral cell is 8.4m, which
prevents this stretch of coast from frequent overtopping during the year; however,
simulations indicate the lowest lying areas may overtop 1-12 times a year, while the
“observational” record indicates little to no overtopping. While highly variable across
the littoral cell, an increase of impact and overtopping days per year implies more areas
may be vulnerable to erosion and flood hazards than the “observational” record suggests.

Figure 17: Longshore variability of impact days per year in the Rockaway littoral cell.
Alongshore averaged impact days per year for the “observational” record are 2.8 (±5.4)
while longshore averaged impact day per year increases to 24.6 (±31.7) using the
simulated data. This increase implies more areas may be vulnerable to erosion.
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We also compare the longshore varying 100-yr TWL return level produced by the
nearshore-transformed observational record (SFA) and the synthetic time series (FSA) to
estimate extreme erosion and flooding potential along the Rockaway littoral cell. The
100-yr event extracted from the observational record overtops (TWL>dune crest) 19% of
the coastline, while the average 100-yr event across the 50 simulations results in 26% of
the dunes overtopping (Figure 18). Transformation of waves to the nearshore results in a
greater range of return level differences across all beach slopes (Figure 19). The
maximum difference between the synthetic 100-yr TWL return level estimates and the
“observed” 100-yr TWL return level estimates for a beach slope close to
( >0.035 &

<0.045) is approximately 60cm (Table 5), however, across all beach

slopes, this difference can be as large as 90cm. Simulation return levels result in
increased overtopping events and decreased confidence bounds on these events compared
to the observational return levels, further emphasizing the need for simulating different
combinations of the TWL components.
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Figure 18: Longshore variability of the 100-yr return level event in the Rockaway littoral
cell. The average 100-yr return level event across the 50 simulations results in 25% more
of the coastline being overtopped than the “observational” record indicated. This increase
implies more areas may be vulnerable to flooding.
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Figure 19: Longshore variability of the difference in the 100-yr return level between
simulated and observational data in the Rockaway littoral cell. Differences can be as
large as 0.9m, which demonstrates more combinations of TWL components creates
higher water levels along the coast.

2.4 Discussion
The full simulation model produces synthetic time series of all components of the TWL
incorporating seasonality, climate variability, and the dependencies between various
TWL components. Extreme TWL return levels produced by the simulations are larger
than those observed during the 32 year observational record with tighter confidence
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bounds. This suggests that, given sufficient time, the random superposition of TWL
components can combine to produce extremes that are larger than those that occurred in
the short “observational” record. This variation in TWL elevation is most noticeable once
the wave climate is transformed to the nearshore. This indicates different combinations or
a higher occurrence of certain SWH, Tp, and MWD triplets could have a potentially large
impact on the final range of TWLs due to shoaling and refraction processes. The
understanding of the full extent of the superposition of different TWL components can be
beneficial for coastal planning and the design of coastal defenses.
While the simulated synthetic TWL components accurately represent the
observational TWL components, there are modifications that may improve our approach.
We have modeled

directly, however, they are comprised of both high (e.g., storm

surge) and low frequency (e.g., monthly mean sea level anomalies) processes that modify
water levels. Splitting the

into low and high frequency signals (Merrifield et al.,

2013; Méndez et al., 2007) would perhaps provide better extreme value distribution fits
(Méndez et al., 2007). Modeling the conditional dependency between a high-frequency
component and SWH also may result in a stronger relationship between the two
since their drivers are more closely related. Better extreme value distribution fits and
conditional dependency fits would provide a more accurate representation of extreme
events, therefore enhancing our overall TWL return level estimates.
Some stretches along the Rockaway littoral cell are backed by hard coastal
protection structures. While in this application we have used the Stockdon et al. (2006)
parameterization for wave runup throughout the littoral cell, it may not be the most
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appropriate formulation for these protected beaches as it was derived solely from data
collected on sandy beaches. Other approaches for computing wave runup on rubble
mound structures (e.g., van der Meer & Stam, 1992; Hughes, 2004) or vertical seawalls
(van der Meer, 2002) exist and could be easily implemented into the methodology.
Perhaps more importantly, the geomorphology of the coast is constantly evolving (Baron,
2011), while the parameters used here to evaluate coastal hazards, (beach slope, dune
crest elevation, and dune toe elevation), were extracted from a single lidar flight in 2002.
Therefore, to create a more accurate representation of flood and erosion hazard risk, the
variability of beach and dune morphology could be accounted for either through
probabilistic techniques or numerical modeling.
This full simulation approach produces synthetic time series that are an accurate
representation of our current record. The approach has been designed such that it easily
accommodates any possible changes to the various components of TWLs in a future
climate. The historical records in this region not only show relative sea level change
(Komar et al., 2011) but also increasing trends in SWHs (Ruggiero et al., 2010; Méndez
et al., 2010; Allan and Komar, 2000). Projections of both future sea level changes and
possible changes to the wave climate are at present quite uncertain (e.g., NRC, 2012;
Hemer et al., 2013), and at this point little is known about how these changes will impact
overall TWLs. Our ongoing work will focus on investigating the impacts of future
climate scenarios on TWLs, using a range of approaches including both statistical (e.g.,
Izaguirre et al., 2012) and dynamical (e.g., Hemer et al., 2013) approaches.
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2.5 Conclusions
This paper presents a full simulation, probabilistic TWL model that captures the seasonal
and interannual variability in extreme events. The Full Simulation Approach (FSA)
includes the following steps; the simulation of extreme SWH and

from a GPD-

Poisson model that includes the conditional dependency between the two or, for nonextreme data, distributions based on monthly empirical data; the simulation of Tp based
on the conditional dependency between Tp and SWH; and the simulation of other key
components for producing TWLs, for example, the tide, and also MWD, based on
monthly empirical distributions.
Our simulations capture a wider variety of extreme events that while not
occurring in the observational record, are certainly capable of occurring based on present
day distributions. The full simulation results in TWL return levels that can be up to 60cm
higher than return levels estimated from the observational record. In an application of the
full simulation model to a littoral cell in the U.S. PNW, the amount of time that dunes are
subjected to erosive processes increases significantly (longshore averaged impact days
per year increases from

to

), while the amount of coastline affected by

overtopping during the 100-yr return level event increases by approximately 25%. TWLs
are simulated using present day conditions; therefore any increase in water levels is due
to both the larger variation of SWH, Tp, and MWD combinations and resulting
transformation to the nearshore, and to the random chance of co-occurring high wave and
sea level events. Robust estimates of design storm events are necessary for design of
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coastal defenses and flood hazard risk assessment, and the FSA improves upon these
estimates by narrowing confidence bounds around extreme events.
While this model creates different realizations of our current climate, future
projections indicate accelerating sea level rise and an altered wave conditions under a
changing climate. While future wave projections are still very uncertain, minor changes
may have increasingly large impacts on the coast. Alteration of components of the TWL
based on future climate projections will help us better understand the constraints on
future inundation events.

3 Concluding Remarks
In this thesis, a time-dependent full simulation TWL model that has the ability to project
an increased combination of high waves and water levels has been described. This model
incorporates non-stationary, bivariate extreme value models to properly model extreme
SWH and

variability and trends. While this novel method can be applied to a range

of coastlines with adequate wave buoy and tide gauge measurements, we choose to apply
it to a representative littoral cell in the PNW. In this littoral cell, we assess chronic and
extreme erosion and flood hazards by comparing the elevation of simulated and
observational TWLs to the coastal morphology in the region. Extreme TWL return levels
produced by the simulations are larger than those observed during the 32 year
“observational” record, and due to the length of the simulated time series, have tighter
confidence bounds. These larger return level events increase overtopping and erosion on
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the coast. This suggests that, given sufficient time, the random superposition of TWL
components can combine to produce extremes that are larger than those that occurred in
the observational record. While more research must be conducted in order to incorporate
future climate scenarios into this model, this method advances the current understanding
of extreme TWL return levels in the PNW by allowing for more robust estimates of
extreme TWLs, and therefore, improving knowledge of coastal risks.
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