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The daily likelihood of High Tide Flooding (HTF) predicted by the National
Oceanic and Atmospheric Administration (NOAA) for leads up to one year is
expressed as the sum of a long-term trend, tides, and nontidal residuals (NTRs)
whose probability density functions (PDFs) are assumed to be Gaussian (i.e.,
normally distributed). We analyzed observed detrended hourly NTR distributions
at 148 NOAA tide gauges along the U.S. coastline and show that 98.7% of them
are better characterized by ‘Stochastically Generated Skewed' (SGS) distributions,
a class of non-Gaussian (skewed, heavy-tailed) PDFs. In contrast to other
methods that generate PDFs by fitting observed raw histograms, SGS
distributions are determined through time series analysis. Observations are fit
to a simple linear (autoregressive) time series model, driven by stochastic noise
with a linear dependence upon the NTR anomaly. The PDF is then determined
from the fitted model parameters. The SGS distributions improve upon the
Gaussian PDF high-water probabilities at varying thresholds throughout the
year along all U.S. coasts, with significantly better estimates along the U.S. East
and Gulf coasts during summer (apart from large hurricane events) and along the
U.S. West Coast during winter (even though variability there is often dominated
by monthly time scales and many locations have nearly Gaussian PDFs). For
evaluating extreme high-water event probabilities, the SGS distribution is no
more sensitive to limited observations than kernel density estimation or
Generalized Extreme Value methods. Tail probabilities for all three methods
are generally similar. Our results may contribute to more robust and accurate
HTF forecasts and, more broadly, provide additional insight in developing
adaptation and mitigation strategies for future sea level conditions.
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1 Introduction

Many communities along the United States coastline have
experienced an increase in high tide flooding (HTF) frequency
over the past several decades, affecting infrastructure, ecosystems,
and livelihoods (Dusek et al., 2022; Sweet et al., 2014, 2018; Sweet
and Park, 2014; Wdowinski et al., 2016), with impacts such as
disruptions due to flooded infrastructure (e.g., roads, harbors,
schools, businesses, and military installations) (Hino et al., 2019;
Jacobs et al., 2018; May et al., 2023; Shen and Kim, 2020; Spanger-
Siegfried et al., 2014), inundated stormwater and wastewater
systems (Flood and Cahoon, 2011; Gold et al, 2022), increased
public health hazards (Carr et al., 2024), and degraded groundwater
supply (Sukop et al., 2018). HTF is usually considered to be a high
probability, low damage event relative to floods caused by more
acute coastal hazards like hurricanes and extratropical coastal
storms. However, the frequency, duration, and severity of HTF
impacts are expected to become more pervasive in the future, with
cumulative costs potentially surpassing those of more extreme
events (Fant et al., 2021; Ghanbari et al., 2020; May et al., 2023;
Moftakhari et al, 2017). Accurate short-term (e.g., monthly to
seasonal) predictions and long-term (e.g., decadal and longer)
projections of HTF likelihood are therefore essential to assess
both current and potential future coastal flooding hazards and
effectively develop adaptation strategies to mitigate risk.

HTF occurs when tides combine with local factors resulting in
water levels that exceed the average tide and cause flooding
conditions for the immediate coastal region (NOAA, 2025b).
Although in many areas it may be typically tidally-driven, the
total water level that contributes to a given HTF event represents
the cumulative effect of many processes, including relative mean sea
level change, high (especially spring) tides, seasonal-to-interannual
mean sea level variability (e.g., El Nifio Southern Oscillation
[ENSO]), and large nontidal residual (NTR) anomalies. Flood
frequency and magnitude along coastal regions are further altered
by wave runup (Li et al., 2022; Serafin et al., 2017; Vitousek et al.,
2017) and compound interactions between ocean water levels and
freshwater components including riverine discharge, overland flow,
and groundwater levels (Devlin et al., 2014; Li et al., 2023; Pareja-
Roman et al., 2023). Relative mean sea level is the dominant driver
of changing HTF frequencies, explaining over 84% of long-term
increases in HTF days (Li et al., 2023; Sun et al., 2023). However,
water level response during El Nifio has been shown to have a more
significant impact on flood occurrence, compared to relative sea
level trends, for interannual timescales on both the U.S. West and
East coasts (Sweet et al., 2018). On intra-annual timescales, HTF
along the U.S. Gulf (September through November) and Mid-
Atlantic (November through March) most often occurs due to
large NTR anomalies and on the West and Northeast coasts
(December through February) due to large tidal amplitudes and
NTR anomalies (Li et al., 2022). Understanding and characterizing
the spatial and temporal patterns of the different components that
drive HTF is critical for advancing predictions of HTF frequency
(Sweet, 2021; Thompson et al., 2021).

Frontiers in Marine Science

10.3389/fmars.2025.1618367

Dusek et al. (2022) recently developed a data-driven statistical
approach to forecast the daily likelihood of HTF, based on water
levels surpassing a pre-determined exceedance threshold, at over
100 National Water Level Observation Network (NWLON)
stations. In this “HTF framework”, now used operationally by the
National Oceanic and Atmospheric Administration (NOAA)
Center for Operational Oceanographic Products and Services
(CO-OPS), the daily likelihood of flooding is estimated at each
NWLON station by combining a: 1) long-term trend, 2) tide
prediction, 3) empirically derived monthly signal and persistence
factors, and 4) estimate of the distribution of hourly NTRs. The
NTRs are fit with a Gaussian (i.e., normal) distribution, and the
probability density function (PDF) of the summed components is
used to estimate bulk probabilities (5% to 95% occurrence) for flood
exceedance likelihood. The usefulness of a Gaussian distribution to
estimate tail probabilities may be limited however, when the
observed histogram is heavy-tailed or skewed (Newman et al,
2018). In this case, a Gaussian distribution may over- and under-
estimate tail probabilities, especially those associated with mean, or
‘climate’, shifts that are accompanied by changes in the width or
shape of the distribution (Sardeshmukh et al., 2015).

This study is motivated by the need to accurately represent the
full distribution of NTRs to better estimate HTF probabilities.
Previous studies estimating water level distributions have fit
observed sample histograms with several parametric, non-
parametric, and mixed model approaches. For example, extreme-
value distributions (e.g., Generalized Extreme Value [GEV],
Generalized Pareto Distribution [GPD], Gumbel Distribution)
have been used to characterize the distribution of ‘extremes’ for
both still water levels (Hunter, 2010; Méndez et al., 2007; Wahl
et al, 2017) and NTRs (Callahan and Leathers, 2021; Haigh et al.,
2010). This approach fits two to three parameters to the largest
observations (commonly defined as the maximum value within a
specific time block [block maxima method] or those exceeding a
threshold value [peaks over threshold method]) (Coles, 2001).
However, these extreme-value distributions typically aim to
capture tail probabilities, so they may be less focused on
estimating the probabilities related to HTF thresholds, which
typically occur at relatively lower amplitudes. Additionally, the
estimates of extreme-values statistics are sensitive to detrending
methods, user defined parameters for selecting the sample, the
relative magnitude of NTR variations to tidal levels, and are
restricted by shorter (i.e., less than 20-30 years) record lengths
(Arns et al,, 2013; Dixon and Tawn, 1999; Haigh et al, 2010;
Sardeshmukh et al, 2015; Wahl et al., 2017), although regional
frequency analysis techniques help to overcome data sparsity
(Bardet et al, 2011; Collings et al., 2024; Hosking and Wallis,
1997; Sweet et al., 2022).

A non-parametric approach, such as the kernel density
approximation, does not assume a particular distribution but
rather applies a smoothing function to the observed histogram,
making it a best fit to the available data (Wand and Jones, 1994).
This commonly-used approach for characterizing water level
observations (Santamaria-Aguilar and Vafeidis, 2018; Williams
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et al,, 2016) may be sensitive to user-defined parameters (e.g.,
bandwidth for kernel smoothing) and may be subject to
overfitting the data sample, especially for tail probabilities
representing extremes where data are inherently sparse (Green
and Silverman, 1993; Mendes and Lopes, 2004; Silverman, 2018).
Additionally, non-parametric approaches may be limiting for HTF
applications that seek to identify non-stationarity of the distribution
(Green and Silverman, 1993) and understand the connection to the
physical process driving such change.

Mixture models combine different parts of the PDF from separate
methods, such as connecting a non-parametric PDF determined for
the bulk of the distribution with a PDF of the upper tail derived from
extreme-value statistics. This approach has been leveraged to estimate
histograms of observed daily maximum sea levels (Ghanbari et al,
2019), surge (Mazas et al., 2014; Mendes and Lopes, 2004), and wave
heights (Solari and Losada, 2012). Mixture models provide a more
nuanced approach for estimating both central and extreme values of a
distribution; however, this requires user input to fit each portion of the
histogram and introduces an additional step to seamlessly merge the
different distributions.

Alternatively, rather than fit the sample histogram itself, we
could instead fit a time series model to the observations and then
derive a theoretical distribution from this model. One such
approach, introduced by Sardeshmukh and Sura (2009) and used
more recently in meteorological applications, employs a general
class of non-Gaussian distributions called Stochastically Generated
Skewed (SGS) distributions. Compared to a Gaussian distribution,
which can be physically interpreted by a first-order autoregressive
(AR1) model and approximated as a damped linear Markov process
perturbed by state-independent noise (Box et al, 2015), an SGS
distribution is the result of a damped linear Markov process
perturbed by a state-dependent ‘correlated additive and
multiplicative’ (CAM) noise forcing (Sardeshmukh and Penland,
2015). CAM noise can be an excellent approximation to nonlinear
interactions between relatively “fast” and relatively “slow”
processes, such as fluxes at the air-sea interface driven by rapidly-
varying atmospheric and more slowly-varying oceanic quantities
(Sardeshmukh and Penland, 2015; Sura et al., 2006). The resulting
SGS distributions produce distinctively skewed and heavy-tailed,
non-Gaussian probability distributions that may more accurately
estimate tail probabilities than GEV distributions for limited-length
records (Sardeshmukh et al., 2015).

In this study, we apply the time series approach to tide gauge
observations along the U.S. coast to evaluate the characteristics of
NTR distributions. We compare the observed histogram to the
PDFs of an ARI1 process resulting in a Gaussian distribution and a
non-Gaussian (skewed and heavy-tailed) SGS distribution. The
spatiotemporal characteristics of the SGS distributions are
evaluated and we test the robustness of the distribution to
estimate probabilities for high-water events; these results are
compared to other distributions (i.e., Gaussian, kernel density
approach, and GEV). The overarching goal of this work is to
scope the utility of the SGS distribution to generate more reliable
probabilistic HTF forecasts.
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2 Methodology
2.1 Tide gauge selection

In this study, we analyze water level observations from 148
NWLON tide gauge stations, categorizing by region: Northeast
(NE), Mid-Atlantic (MID), Southeast (SE), Gulf Coast (GC), West
Coast (WCQC), Alaska (AK), Pacific Islands (PAC), and Caribbean
Islands (CAR) (Supplementary Table S1). These include stations
currently used in the CO-OPS operational HTF framework, with at
least 20 years of relatively continuous hourly data, plus additional
stations not previously included in the HTF framework. We use
data from January 01, 1997 through December 31, 2023 unless
otherwise indicated (Supplementary Table SI). Additional station
information including the NWLON station ID, latitude, longitude,
and station index, used to reference specific tide gauges, are also in
Supplementary Table SI.

2.2 Decomposition of water levels

The observed hourly still water levels (SWL; ngyy) are
decomposed into a long-term mean sea level trend (7m,), the
astronomical tide (7);4,), and the NTR (ny7g), following Dusek et al.
(2022):

Nswr = Must + Mride + TINTR (1)

Nusy is computed as a linear fit to the most recent 40-year
observation period and centered about the last tidal epoch relative
to the Mean Higher High Water vertical datum (Supplementary
Table S1). Most stations align with the National Tidal Datum Epoch
of 1983 - 2001; however, some stations have more recent tidal
epochs due to anomalously high rates of relative sea level change
(NOAA, 2025a). Astronomical tides are determined using each
station’s 37 harmonic constituents as defined by CO-OPS (Parker,
2007). In this study, we further separate nyy into:

Nntr = M + N HiGr-pass (2)

where 7, is the monthly mean NTR time series and 1)’ gigy_pass is
the hourly NTR anomaly time series relative to the monthly mean
NTR. Note that the first term in (2) can itself be written as:

M= Mu+N'm (3)

where 7, is the monthly climatology (e.g., average of all January
data) and 717’); is the monthly mean sea level anomaly time series.
The decomposition of 7Myrr in (2-3) allows for the inclusion of
monthly predictions of 17’); from global circulation models into the
HTF framework. More important for this study, by removing 1’

from Mg, we also ensure the removal of any nonlinear long-term
trend (including related to vertical land motion; Oelsmann et al.,
2024) that may not be adequately captured by the linear 1, as
well as variations on seasonal and longer time scales such as ENSO
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and the Pacific decadal oscillation (PDO; Newman et al.,, 2016).
That is, N/ gGr-pass represents a high-pass NTR anomaly time
series, containing time scales ranging from hourly to monthly
(which might be related to weather scales ranging from synoptic
to sub-seasonal).

2.3 Probability density functions of high-
pass nontidal residual anomalies

To determine the PDFs of 1/ pycr-pass» we fit two different
Markov processes to the 1)/ y;gr_pass time series at each tide gauge.
The first-order autoregressive (AR1) process that results in a
Gaussian distribution is:

dx = —Axdt +anVvdt (4)

where dx is the change of the damped linear Markov process over
an infinitesimal time interval dt, A > 0 is a damping time constant,
and 7 is a Gaussian white noise with unit variance and zero mean,
modulated by amplitude a.

For this damped linear Markov process to generate non-
Gaussian statistics, the noise term in Equation 4 should have a
linear dependence on x. The resulting non-Gaussian SGS process
can be expressed in detail as:

dx = — {(1 +%E2>x+%15g} Adt + [bnl T+ (Ex+ ), ] Vadt (5)

where again A > 0 is a damping time constant and 177, and 7, are
temporally independent Gaussian white noises. The (Ex +g)1n,
CAM noise term makes the distribution of x skewed and heavy-
tailed; however, if g =0 then skewness is zero even as the
distribution is still heavy-tailed. The E, g, and b parameters,
which may be estimated from the data mean, variance, skewness,
and kurtosis using the “method of moments”, determine the
corresponding SGS distribution (Sardeshmukh et al., 2015; see
Equation 3). For both processes, A is computed using the
temporal correlation timescale (4 = 1/7,) where 7, is equal to the
decorrelation timescale (one over the natural log [1/¢] in hours).

After scaling by A, AR1 and SGS PDFs can be computed from
the corresponding coefficients (a or E, g, and b; see Equation 3 in
Sardeshmulkh et al., 2015). For each tide gauge, twelve AR1 and SGS
PDFs are computed, one for each calendar month representing the
N HiGH-pass time series.

After initial testing, we find that the method of moments, which
assumes no uncertainty in kurtosis, can be overly sensitive to the
poorly-sampled extremes associated with hurricanes, tropical
storms, and tsunamis. To reduce the impact of such extremes on
the determination of both the SGS and AR1 parameters, we first
remove outliers, defined as 7y exceeding +10 standard deviations
about the mean, from the observed time series. More details
regarding this approach and the dates of the removed NTRs can
be found in the Supplementary Section.
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2.4 Generating synthetic AR1 and SGS data
for significance testing

Both Equation 4 or Equation 5 can also be used to generate
synthetic 17’ yGr_pass time series with the same statistical properties as
the underlying distributions, which can be useful for both hypothesis
and significance testing. We create an independent AR1 or SGS
realization by integrating either Equation 4 or Equation 5 forward,
respectively, following the numerical procedure used in Sardeshmukh
etal. (2015), where the length (number of years) is chosen to match the
record length of the observed time series — in this study, 27 years. To
determine confidence intervals, we generate 2000 independent noise
realizations, use them to force Equation 4 or Equation 5 to yield 2000
synthetic time series, and compute a distribution from each. [Testing
indicated statistics generally converged for ~2000 realizations; not
shown.] The median of these 2000 PDFs should and does match the
expected PDF of the generating equation, but for short record lengths
there will be some differences between each of the 2000 PDFs due to the
relatively short noise realizations used in integration. The 2000
realizations are then used to compute the 95% confidence intervals
spanning the 2.5 to 97.5™ percentile levels.

2.5 Metrics for assessing probability density
functions
We assess goodness-of-fit for each PDF, compared to the

observed histograms, using the Root Mean Square Error (RMSE;
Equation 6):

RMSE =

where i is the mid-point of each histogram bin, # is the total number
of histogram bins, y; is the observed probability density (histogram
value) at i, and y; is the modeled PDF (SGS or AR1) value at i. The
RMSE for both ARl and SGS PDFs is computed for the full
distribution and the upper tail of the distribution (defined as
greater than the 95™ percentile of the observations). Note that we
include all outliers removed in section 2.4 when determining RMSE
for each distribution. The histogram binning algorithm
for N’ pigH_pass 1S set to optimize the bin width to span the
underlying data, resulting in bin sizes and ranges that vary by
month and gauge station. Testing of the histogram distribution
using Scott’s Rule or the Freedman-Diaconis Rule showed minimal
differences (not shown).
Our metric to compare the SGS and AR fits is:

RMSEDij]'erence = RMSESGS - RMSEARI (7)

where negative values indicate that the SGS distribution has less
error and is therefore a better match than the AR1 distribution to
the observed histogram. We apply this metric Equation 7 to both

frontiersin.org


https://doi.org/10.3389/fmars.2025.1618367
https://www.frontiersin.org/journals/marine-science
https://www.frontiersin.org

Hovenga et al.

the full and the upper tail of the distribution. Additionally, we test
the null hypothesis that the observed 1'pjgr_pass come from a
standard normal distribution at the 5% confidence level using a
one-sided Kolmogorov-Smirnov test (Massey Jr, 1951) and
compare this to the RMSE differences.

We compare how the ARl and SGS PDFs estimate the
probability of exceeding the 95" and 99" percentile, where these
thresholds are determined from the raw data: observed 1’ ;6y_pass
for each month at each tide gauge. The metric we use is the
probability ratio, computed as the probability of the 95™ (99'")
percentile estimated by the SGS divided by the 95™ (99) percentile
estimated by the AR1 PDF. A positive probability ratio indicates
that the likelihood of 1'ygr_pass exceeding the 95% (99%)
threshold is larger based upon the SGS PDF compared to the
AR1 PDF.

3 Results

3.1 Leading moments of high-pass water
level observations

3.1.1 Ratios of high-pass to total NTR variance

The fraction of total 1y variance that is contained within the
high-pass band (1’ y;Gr—_pass), where higher (lower) values indicate
that most of the variance is on hourly to sub-monthly (monthly)

10.3389/fmars.2025.1618367

time scales, is largely spatially dependent (Figure 1). The relative
contribution of 1)’ jyr_pass is largest for NE and MID stations, with
regional averages of 0.86. In the SE, the fraction decreases from 0.84
in Duck, North Carolina (index 53) to 0.57 at the southern tip of
Florida (Virginia Key, Florida; index 64). The GC has similar values,
with a regional average of 0.77. Relative to the East and Gulf Coast
stations, 1, variability plays a larger role in most of the WC, with
the fraction increasing from 0.45 to 0.71 from south to north. The
fraction ranges from 0.65-0.85 along the AK coastline. In contrast,
variability at the island stations (CAR and PAC) is primarily
dominated by monthly time scales.

Figure 2 shows considerable seasonal and spatial coherence of the
N hiGr-pass fraction of nyrg variance. In general, 1’ pGr—pass
variance dominates in the NE and MID year-round with 90% of
the months in these regions having ratios greater than 0.72. Values are
slightly more elevated during the fall and winter. The 1’ gcy_pass
fraction in the SE and GC is also large but less so during the summer,
especially in June. The relative contribution of 1’ pgy_pass Variability
increases in magnitude with increasing latitude along the WC
(increasing indices) and into AK. For these regions, the 11’ yiGr—pass
variance explains a larger portion of the total during the summer and
fall months. The ratio is smaller for nearly all months in South Florida
(station indices 63-66) and along the southern WC (indices 93-100),
especially September through December when the ratio drops to an
average of 0.42. The relatively low fraction of ' j;qr_pass Variance for
PAC and CAR is mostly seen year-round.

Variance of High-pass NTR Anomalies / Total NTR Variance

0.1 0.2 0.4

0.5

0.6 0.7 0.8

Charleston SC
(Index 58)

FIGURE 1

Fraction of the total nyrg variance explained by the 0’y c-pass at each NWLON station (Supplementary Table S1). Callouts refer to regions and
specific stations discussed in the following subsections. Not displayed are: Sand Island, Midway Islands, Apra Harbor, Guam, Pago Pago, American
Samoa, Kwajalein Island, and Wake Island (indices 7-11) which have fractional values equal to 0.50, 0.19, 0.14, 0.22, and 0.30, respectively.
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FIGURE 2

Fraction of the nyrg variance explained by the 1’ yicH-pass by month. The left y-axis shows the regions and station indices for each NWLON station
(Supplementary Table S1), and the right y-axis indices refer to specific stations discussed in the results section (also see Figure 1). The total fraction
(all months) for each station, also shown in Figure 1, is displayed in the first column. The regions include the: North East (NE), Mid-Atlantic (MID),
Southeast (SE), Gulf Coast (GC), West Coast (WC), Alaska (AK), Pacific Islands (PAC), and Caribbean Islands (CAR). The callout stations are: Boston, MA
(index 17), Sandy Hook, NJ (index 30), Atlantic City, NJ (index 31), Charleston, SC (index 58), Eagle Point, TX (index 89), San Diego, CA (index 93),

Toke Point, WA (index 114).

3.1.2 Skewness and excess kurtosis of high-pass
NTR anomalies

Figure 3 shows the generally parabolic relationship between the
skewness (S) and excess kurtosis (K) of N/ pgr_pass, with data
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points showing that large amplitude (positive, or, less common,
negative) values of S tend to coincide with large positive K.
Moreover, for SGS distributions, S and K are bounded by the
equation K > 1.58 - 0.5 (Sardeshmukh and Sura (2009); shown by
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FIGURE 3

Skewness (S) and excess kurtosis (K) of the observed 1’ 6H-pass colored by (a) month and (b) region, and plotted specifically by (c) month and

(d) region. Note, S and K are zero for Gaussian distributions. In each panel, the lower black line represents a theoretical lower bound on K of the
form K = 1.55% — A, where A = 0.5 is an arbitrary offset that addresses sampling errors in S and K estimation as well as the stationary assumption used
in this study (Sardeshmukh and Sura, 2009). A universal lower bound on K, if K exists, is the parabola K = $? — 2 (grey line). The upper black line
represents a theoretical upper bound on K if the fifth moment x° also exists (see Sardeshmukh et al., 2015 for details regarding theoretical limits of

S and K). Three data points are out of range in these figures, corresponding to the tide gauges at Kahului, Hawaii in March, Panama City, Florida in

July, and Apalachicola, Florida in July, due to exceedingly large values of K.

the lower black line in Figure 3), which is the case for all stations in
all months (Figures 3a, c¢) and in all regions (Figures 3b, d). PDFs
with non-zero S are asymmetric and positive values of K indicate
PDFs with heavier tails than a Gaussian PDF, for which S and K
are zero.

While there are some non-Gaussian characteristics present for all
regions in all seasons, distributions are generally closer to Gaussian in
winter and spring, with larger values of S and K during summer and
fall (Figures 3a, c). Stations where the 1)’ jj1_pass Variance fraction is
relatively high (Figure 2) tend to have heavy-tailed and skewed
distributions, notably in the GC as well as the MID, NE, and SE,
albeit with less extreme values (Figure 3d). In contrast, for Pacific
region stations (WC and PAC), where the 7y variability tends to be
dominated by monthly time scales, distributions appear more
Gaussian. For example, the WC distributions are more symmetric
than others, with smaller values of S and often (although not always)
smaller values of K. The CAR region is an exception: while its
variability is also dominated by monthly time scales (Figure 2), it
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has many stations with skewed and heavy-tailed distributions
(Figure 3). Each region also has some very heavy-tailed outliers,
where K is so large that theoretically the fifth moment does not exist
(values above the upper black line in Figure 3), occurring
predominantly during July through September. This suggests that
these distributions are unbounded in nature (Bingham et al., 1987).

3.2 Distributions of highpass NTR
observations

In this section, we fit each station’s observed 1)’ yjcr—_pass time
series to an AR1 process (Equation 4 in section 2.3) and a CAM-
noise process (Equation 5), separately for each month. Then, using
the resulting parameters, we compute the corresponding AR1 and
SGS PDFs, and compare them to the histograms determined for
each station, using the RMSE difference (Equation 7) as our metric
for goodness-of-fit.
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3.2.1 Results for selected stations

We start by examining results for one station: Sandy Hook, New
Jersey (index 30), where the 1’ yg_pass variance dominates Myyg
variance (0.87; Figure 1), especially during winter (Figure 2). The
observed monthly histograms (shown by the grey bars in Figure 4)
exhibit excess kurtosis and skewness compared to the ARl PDF
(purple), especially for August through October. In general, the AR1
PDF under-estimates the probability density both near the center of
the distribution (where 0/ pGr-pass = 0) and for the upper tail
(shown in the insets). The non-Gaussian SGS PDF (yellow) better
captures both the heavy-tailed and skewed characteristics of the
distributions year-round, as shown by the negative RMSE
differences for each month, with greatest improvement from late
spring through early fall. The probability ratio of the 9™ percentile
estimated by the SGS and AR1 PDFs (i.e., SGS/AR1) shows that the
AR1 PDF estimates smaller tail probabilities for all months
compared to the SGS PDF (Figure 4), with a ratio as large as
10.75 during September.

[ SGS SGS (95% CONf) mmmmm AR AR (95% con) |

10.3389/fmars.2025.1618367

We next use five example stations selected from different coastal
regions — Boston, Massachusetts (index 17), Charleston, South
Carolina (index 58), Eagle Point, Texas (index 89), San Diego,
California (index 93), and Toke Point, Washington (index 114) - to
highlight representative differences between estimates of the ARI
and SGS PDFs for the months of March, June, September, and
December (Figure 5). Overall, the SGS PDF outperforms or is
comparable to the AR1 PDF at estimating the histogram for each
station, except for Charleston in March (full distribution) and San
Diego in June (upper tail). In these cases, the Gaussian distribution
is already a good fit, and the SGS PDF reproduces it to within
sampling uncertainty. The SGS PDF better approximates positively
skewed and heavy-tailed characteristics (e.g., Boston, Charleston,
and Toke Point) as well as negatively skewed distributions and
light-tailed characteristics (e.g., Eagle Point in March and
December). Both PDFs may under-estimate sample probabilities
around the median for peaked (i.e., leptokurtic) distributions, such
as Eagle Point in March; still, the SGS PDF remains a better fit.
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FIGURE 4
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Hourly NTR Anomaly (m)

08

The distribution of the observed 1’y cH_pass (grey bars) at Sandy Hook, NJ (index 30) for each month and the PDFs for the SGS (yellow) and AR1
(purple) with the 95% confidence intervals. The text refers to the difference (SGS minus AR1) in the root mean square error (RMSE) for the full and tail
distribution. The insets show the upper tail distributions for anomalies greater than or equal to the 95" percentile of the observed anomalies for
each month. The teal dashed line represents the 99" percentile of the observations and the ratio (SGS/AR1) represents the probability estimated by
the SGS and AR1 PDFs. Note, the y-labels for the insets are shown on the right axis.
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The distribution of the observed 1’y cy-pass (grey bars) and the PDFs for the SGS (yellow) and AR1 (purple) with the 95% confidence interval at

Boston, MA (index 17), Charleston, SC (index 58), Eagle Point, TX (index 89),

San Diego, CA (index 93), Toke Point, WA (index 114) for the months of

March, June, September, and December. The text refers to the difference (SGS minus AR1) in the root mean square error (RMSE) for the full and tail
distribution. The insets show the upper tail distributions for anomalies greater than or equal to the 95" percentile of the observed anomalies for
each month at each station. The teal dashed line represents the 99" percentile of the observations and the ratio (SGS/AR1) represents the probability
estimated by the SGS and AR1 PDFs. Note, the y-labels for the insets are shown on the right axis.

3.2.2 Results for all stations

We next use the RMSE differences (Figure 6) to show that
observed histograms are better approximated by the SGS PDFs than
the AR1 PDFs for nearly every station, both averaged over the entire
year (left-most column of each panel; 98.7% for the full distribution
and 99.3% for the tail) and on a month-by-month basis (93.2% for
the full distribution and 89.4% for the tail). The magnitudes of these
improvements are strongly spatially correlated. For the East (West)
Coast, improvements are typically largest in summer and fall
(winter) (Figure 6a). While most stations and months have non-
Gaussian distributions, a few have observed distributions that
cannot be distinguished from a Gaussian distribution. These
cases, identified by the Kolmogorov-Smirnov test (section 2) and
indicated by cross-hatching in Figure 6, usually also have
insignificant RMSE differences of either sign. The NE, MID, SE
and GC regions have the largest percentage of months (all greater
than 95%) with significant non-Gaussian characteristics. The WC
and AK regions have greater than 89% and the PAC and CAR
regions have around two thirds. Additionally, the SGS PDFs capture
distributions for tide gauges located relatively far upriver (e.g.,
Philadelphia, PA; index 34, Washington D.C.; index 45, and
Wilmington, NC; index 56) or in bays (e.g., Morgan’s Point to
Rockport, TX; indices 88-91).

The SGS PDFs also generally improve estimates of the upper
tail, and these improvements are also often spatially coherent in a
manner somewhat similar to the full distributions (Figure 6b). The
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average error differences along the WC and into AK decrease at
more northern stations (i.e., increasing in index value). Along the
WG, the winter months again have the most PDF fit improvement.
Both the PAC and CAR have varied RMSE differences for the tail of
the distribution with both larger and smaller RMSE when using the
SGS PDF that appear relatively random.

We find similar spatial and seasonal dependencies for the
decorrelation timescale (7,), as well as the SGS parameters E, g,
and b and their relative contributions to the total CAM noise
forcing variance (Supplementary Figure S2). More details are
described in the Supplementary Section.

3.3 Evaluating high-water events

3.3.1 Comparison to AR1

As is evident in Figures 4 and 5, an important drawback of using
an AR1 PDF to represent a heavy-tailed, skewed distribution is that
the true tail probabilities may be over- or under-estimated. The tail
probabilities estimated by the AR1 and SGS PDF also differ based
on the chosen threshold (for example, compare the a) 95" versus b)
99" percentile in Figure 7). Using the 95" percentile, the
probability ratio is smaller than one (shown as yellow in
Figure 7a) for most months at GC tide gauges and from winter
through spring for the NE, MID, and SE; that is, N’ gr_pass is less
likely to exceed the 95% threshold based upon the SGS PDF than
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FIGURE 6

Difference (SGS minus AR1) in the root mean square error (RMSE) for (a) full and (b) tail distribution. RMSE is calculated between the SGS and AR1
PDFs and the observed 0’y cu-pass distributions. The tail represents values greater than or equal to the 95t percentile of the observed anomalies for
each month at each station. The left y-axis shows the regions and station indices for each NWLON station (Supplementary Table S1), and the right y-
axis indices refer to specific stations discussed in the results section (also see Figure 1). The average RMSE difference for all months is shown in the
first column of each panel. Note the color bar range is different for the left and right panels. Blue squares represent a smaller RMSE, and therefore
better fit to the histogram, when using the SGS PDF compared to the AR1 PDF, white is no change, and red indicates a larger RMSE. Cross-hatching
represents where the Kolmogorov-Smirnov test failed to reject the null hypothesis that the observed 1’ 6H-pass come from a standard normal

distribution at the 5% confidence level.

the AR1 PDF. Probability ratios exceeding one often occur along the
WC and AK whereas the PAC and CAR have mixed results. There
are also some cases where the SGS PDF did not improve upon the
AR1 PDF, indicated by stippling in Figure 7a and, earlier, by red
squares in Figure 6b. For those cases the probability ratio is
generally close to 1.

The range of probability ratios for the more extreme 99™
percentile threshold (Figure 7b) is larger compared to that for
the 95" percentile, and is generally greater than one for
most tide gauges and months (shown as teal in Figure 7b). That
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is, ' Higr-pass is more likely to exceed the 99% threshold based
upon the SGS PDF than the AR1 PDF. The largest probability ratios
occur in summer and fall in the GC, to a lesser degree in the NE,
MID, and SE, and in the WC region during fall and winter. The
largest ratios exceeding 20 (e.g., index 20 in Mar, index 7 during
Nov-Mar, and others) occur when the AR1 PDF tail drops off,
estimating probabilities near zero, while the SGS captures the
heavy-tailed characteristics. In contrast, during winter months in
the MID and GC, the SGS PDFs have negative skewness (Figure 3)
and estimate smaller tail probabilities than expected from an AR1
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;
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Ratio (SGS/AR1) of the estimated probability greater than the (a) 95" and (b) 99" percentile of the N’y gr_pass Observations for each month at each
station. The left y-axis shows the regions and station indices for each NWLON station (Supplementary Table S1). Indices on the right y-axis refer to the
specific stations discussed in the results section. Yellow (teal) squares represent an AR1 estimated tail probability that is higher (lower) than that of an SGS
and white is no difference. Stippling indicates when the RMSE for the ARL PDF is less compared to the SGS PDF for the tail of the distribution (red
squares in Figure 6b; note the column showing the yearly average is not included in this figure and the color bar range in (a, b) are different).

PDF (yellow shading in Figure 7b). For cases where the SGS PDF
does not improve upon the AR1 PDF (stippling in Figure 7b), the
probability ratio average = 1.6.

3.3.2 Sensitivity to sampling

Up to this point, our analysis has been applied to 27-year long
data records. We might ask if this record length is sufficient for our
analysis, and relatedly whether the analysis of longer records might
difter, especially for the stations (<10% of those analyzed here) with
data records of 100 years or more. We explore this question by
generating 2000 27-year samples (bootstrapping, with replacement)
drawn from the entire 108-year Atlantic City record, choosing
October as our test month. [As before, all monthly means are
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removed from the longer record so that it is effectively detrended.
Note that no outliers (nyr exceeding +10 standard deviations
about the mean) are present in the October observations at this tide
gauge.] To preserve the decorrelation timescale, we shuffle complete
monthly datasets (i.e., all the hourly data within a given month; for
example, October 2019) rather than hourly observations. We use
these samples to generate 2000 PDFs determined from SGS fits, and
2000 PDFs determined by applying a Kernel Smoothing (KS)
density approach to the raw histograms. These PDFs are
compared to the histogram of the underlying 108-year record.
Both PDFs derived from the full record provide good
approximations of the sample histogram (Figure 8a). The KS
Density PDF fits small variations more closely, as might be
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FIGURE 8

The histogram of the 108-year record of 1’ cH-pass (grey bars) at Atlantic City, NJ (index 31) for the month of October and the SGS (yellow) and KS
Density (grey) PDFs computed from the 2000 bootstrapped samples each with 27 years of data. The inset on panel (a) shows the upper tail
distribution for anomalies greater than or equal to the 95" percentile of the observed anomalies, and the teal dashed line represents the 99"
percentile of the observed (108 year) anomalies. Panel (b) shows the upper tail and high-water events in more detail.

expected, including the PDF bump for 1'pigr-_pass ~ 0.49 m (see
inset). While values near the median (1’ 6_pass ~ 0 m) and the
99t percentile (' pGr—pass ~ 0-49 m) appear under-estimated by
the mean SGS PDF, they still fall within the 95% confidence bounds.
For the upper tail estimate, where data to constrain histogram fits
and associated uncertainties are sparse (Figure 8b), the confidence
bounds vary much more smoothly for the SGS PDF than the KS
Density PDF. In fact, the SGS PDF might provide more stable
estimates of high-water events, at least in contrast to the KS Density
PDF, which may overfit small irregularities in the sample histogram
extremes. Overall, these results suggest that the SGS PDF
determined from the 27-year record used herein is representative
of the longer record.

3.3.3 SGS-derived recurrence intervals of
extreme events

Finally, we show that the SGS distribution can provide robust
recurrence interval estimates that are comparable to those using
GEV methods. Figure 9 shows recurrence intervals of extreme
events derived by applying GEV methods directly to the SGS
synthetic data and to the raw observations, again using Atlantic
City during October as an example. We use the block maxima
method, selecting the maximum 7'y6y_pass value within each
October month from the 108-year dataset, to derive a GEV
distribution and compute the recurrence intervals (black squares;
Figure 9a). We then determine uncertainty in these recurrence
intervals by applying the same GEV technique to each of the 2000
SGS synthetic time series, computed as described in section 2.4
except each is 108-years long.

Figure 9a shows that the SGS-derived GEV (solid yellow line) is
generally similar to the GEV computed from the 108 block maxima
(solid blue line), although it estimates slightly lower water level
anomalies at higher recurrence intervals. The block maxima
observations, the GEV computed from the 108 observed block
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maxima, and the GEV computed from the synthetic SGS data all fall
within the 95% confidence interval determined from the 2000 SGS
synthetic time series (yellow swath). These results are consistent
with Sardeshmukh et al. (2015), who showed that the SGS
distribution tail is approximately of GEV form for certain block
size conditions.

The sensitivity of these results to using a shorter sample is
highlighted by repeating the analysis for different 27-year datasets,
each drawn separately from the full time series beginning in either
1911 (Figure 9b), 1941 (Figure 9c¢), 1969 (Figure 9d), or 1997
(Figure 9¢), where the start dates are not evenly spaced to account
for years with incomplete or missing October data. For shorter
recurrence intervals < 10 October months (i.e., this is the return
time for an event of this magnitude so 10" means it is expected every
10 years in October), the GEV computed directly from each 27-year
observational sample (blue dashed lines) and from the SGS synthetic
data (based upon new SGS fits determined from each 27-year time
series; dashed yellow line) mostly follow the corresponding block
maxima (grey squares), which can differ from the block maxima
derived from the full record (black squares), seen in Figure 9a. For
longer recurrence intervals (> 10 months), however, the two methods
tend to diverge from the observed block maxima and each other.
Also, recurrence intervals derived directly from observations (blue
dashed line) have more sample-to-sample variation (e.g., the shape is
more exponential in Figure 9d compared to Figure 9¢) than those
derived from the SGS fits.

As an additional significance test, we compare the recurrence
intervals from each 27-year sample drawn from the SGS synthetic
data to the range of expected random variation in recurrence
intervals derived from the full 108-year record (yellow swath;
note this is the same as in Figure 9a). We find that, except for the
first period, each of our 27-year SGS-based recurrence interval
estimates fall within the 95% confidence bounds from the 108-year
record. Though not statistically significant, the dashed lines in the
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FIGURE 9

The return level interval curve at Atlantic City, NJ (index 31) for the month of October estimated using the Generalized Extreme Value (GEV) method.
(a) The monthly block maxima are computed from the full 108-year observations (black squares). The solid blue line represents the GEV computed
from the 108-year monthly block maxima, and the solid yellow line represents the GEV computed from the SGS synthetic dataset derived from the
108-year hourly time series. Panels (b) through (e) show the same analysis but using 27-year data subsets starting in (b) 1911, (c) 1941, (d) 1969, and
(e) 1997. The grey squares represent block maxima computed from each 27-year period, the dashed blue line represents the GEV computed from
the 27-year monthly block maxima, and the dashed yellow line represents the GEV computed from the SGS synthetic dataset derived from the 27-
year hourly time series. The SGS derived 95% confidence intervals for the 108-year dataset are also shown in each panel (light yellow swath). The
variance (var), excess kurtosis (K), and skewness (S) for the 108 and 27-year datasets are also provided. Note the x-axis is in log-scale.

latter two time periods (Figures 9d, e) lie closer to the upper
confidence bound, especially when compared with the earlier two
time periods (Figures 9b, c). This suggests a potential increase in the
water level extremes at the Atlantic City tide gauge during October
over the course of the past century. This is consistent with the
increase in skewness and excess kurtosis, although these are also not
significantly different at the 95% confidence level (determined from
2000 realizations of 27-year periods pulled at random with
replacement from the total 108-year record). While these changes
in the recurrence intervals derived from the SGS synthetic data may
not be significant, these results suggest that the relatively modest
data needs for determining SGS distributions could be used to
identify non-stationary 1'pgy_pass distributions for other
locations and/or seasons.
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4 Concluding remarks

In this study, we determined distributions of observed 0/ 61-pass
at 148 tide gauges surrounding the United States, located in different
regions and coastal environments (i.e., open ocean, within bays,
estuaries, and near or upriver systems), and thus exposed to different
forcing conditions. We have found that virtually all the distributions
are significantly non-Gaussian, with skewed and heavy-tailed
characteristics better estimated by the ‘Stochastically Generated
Skewed’ (SGS) PDF than by a Gaussian PDF. (Results in the Pacific
and Caribbean Islands are mixed.) These improvements, as measured
by the RMSE of the PDF fits, are both spatially and seasonally coherent,
most notably for summer and fall months along the Northeast, Mid-
Atlantic, and Gulf Coasts and for winter months along the West Coast,
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both for the full distributions and for the upper tails alone. Arguably,
the SGS distribution may be less advantageous as distributions become
closer to normally distributed, such as in the Pacific Islands region. In
these cases, although the SGS distributions include Gaussian
distributions as a special case, some minor overfitting may occur.
However, total Myrr variance is also dominated by monthly variability
at these stations (Figure 2), so that uncertainties in their high-pass
distributions might be less impactful for many applications.

Accurate estimates of moderate to extreme high-water
probabilities are essential for predicting flooding and its impacts
on all time scales. Overall, the SGS PDFs improve the estimation
of tail probabilities. Given the heavy-tailed, skewed histograms of
N’ tiGH-pass> the use of a Gaussian rather than an SGS distribution
in NOAA’s HTF predictions could result in erroneous tail
probabilities for HTF events, with an under-estimation that
becomes larger for more extreme water level thresholds (e.g.,
99'" percentile). Furthermore, the SGS PDF appears to provide
good estimates of upper tail probabilities from record lengths of
only a few decades, which allows for assessment of a great many
tide gauge stations, especially compared to KS density methods
which show some susceptibility to overfitting due to small sample
sizes at the tails. The SGS distribution also provides comparable
recurrence intervals of extreme events to GEV methods, while also
capturing the full distribution. This provides probability estimates
of more moderate water levels that could still be relevant to HTF,
especially for increasing water levels. In addition to calculating
recurrence intervals, the decorrelation timescale integrated into
the governing equation for the SGS distribution can be used to
identify the duration of extreme events (not shown; Xu
et al., 2021).

To determine the full likelihood and recurrence intervals of HTF,
the probabilities of 1)/ j;65_pass estimated by the SGS distribution will
need to be combined with the additional water level components (as
in Equations 1 and 2). This could consist of convolving the n
"wicr-pass PDF with the 1), PDF and then adding in the tide
prediction and trend component. Alternatively, the distributions of
total water levels could be modeled directly, which for example, might
require some modification of the deterministic portion of Equation 5
to account for tides. Thorough evaluation of these approaches may
lead to improvements in the assessment of both observed and
forecasted (e.g., My derived from a seasonal forecast model
ensemble) net HTF risk.

For Gulf Coast tide gauges during late summer to fall, we found
that SGS distributions could be sensitive to tropical storms, which
for any given location are, inevitably, poorly sampled over the 27-
year record. Interestingly, the impact of excluding these extreme
outlier events (amplitude > + 100) was greater on the resulting SGS
distributions near their medians than their tails. This is likely
because while removing outliers will significantly impact K, which
commonly has the largest error due to sampling, it also impacts
other moments including S and variance. This suggests that
replacing our ‘method of moments’ approach with a more
rigorous approach that accounts for uncertainties in all three
moments could improve our results (Martin et al., 2024), even
with the presence of extreme outliers (Sardeshmukh et al., 2015).
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For example, maximum likelihood estimation (MLE) treats outliers
so that they only have a 1/N (N = sample size) contribution to the
log-likelihood of MLE, which limits their effect on parameter
estimation. Continued testing is left for future work.

The SGS approach has a substantial number of advantages. It
determines the parameters for a dynamical system that fits the
observed time series. It provides a distribution for the observed
histogram with parameters that can also be related to the parameters
of the GEV distribution (Sardeshmulkh et al., 2015). This means that
we can use this dynamical system to generate synthetic time series of
hourly 1’ igr-pass (and potentially other physical variables) with the
same statistical properties as the underlying observations. It can also be
used to explore compound interactions between other processes (e.g.,
sea level, tides, waves, precipitation) that lead to flood-inducing total
water levels (Anderson et al., 2019; Serafin et al., 2017). The dynamical
system may be coupled with general circulation models (GCMs)
ensemble forecasts to explore changes in climate scenarios.
Additionally, since the SGS distribution can be readily interpreted in
terms of dynamical processes, we could use it to characterize the past
and current state of water level distributions and diagnose how
probabilities may have evolved due to nonstationary data (e.g.,
decadal and climate variability).

One important question our results raise is: Which physical
processes in the nearshore environment combine to result in CAM
noise and therefore generate the SGS distributions we observe?
Generally, 1'ygr_pass are attributed to storm surge driven by
wind-induced setup and atmospheric pressure anomalies
(Bromirski et al., 2003; Pugh and Woodworth, 2014; Serafin et al.,
2017), resulting from synoptic and mesoscale weather systems
(World Meteorological Organization, 2011). While compound
interactions between tides, wind waves, riverine flow, and
precipitation modify storm surge (World Meteorological
Organization, 2011), the dominant driver is wind-driven stress
acting on the water surface, with the inverse barometer effect due
to surface atmosphere pressure variations contributing approximately
10-15% (World Meteorological Organization, 2011). The time frame
over which storm surge occurs can vary from a few minutes to several
days with periods centered around approximately three hours (World
Meteorological Organization, 2011); in comparison, for our study the
1’ HiGH-pass decorrelation time scales range from 2 to 177 hours, with
95% between 5 and 63 hours. Moreover, surface winds may evolve
more rapidly than changes in the sea surface height resulting from
wind setup (Pugh and Woodworth, 2014). It seems possible then, at
least in a shallow water framework, that CAM noise could result from
the product of 1’ gy_pass (the “slow” component) and the effect of
wind-imparted stress on the ocean surface (the “fast” component).
Additionally, although waves are not explicitly considered within this
study, they may be sensed by NOAA tide gauges (Kirk et al., 2022;
Sweet et al,, 2015), and a state-dependence between wind stress and
sea-state has been observed in some field experiments (Babanin and
Makin, 2008; Dobson et al., 1994; Drennan et al., 2003; Reichl et al.,
2014), although not in others (Yelland et al., 1998). A coastal shallow
water model such as ADCIRC (Luettich and Westerink, 2004;
Westerink et al., 2008) could be used as a diagnostic tool to explore
these questions.
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