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ABSTRACT

The need for skillful seasonal prediction of coastal sea level anomalies (SLAs) has become
increasingly evident as climate change has increased coastal flooding risks. Here, we evaluate
nine current forecast systems by calculating deterministic and probabilistic skill from their
retrospective forecasts (“hindcasts”) over 1995-2015, for lead times up to 6-9 months, at two
United States tide gauge stations (Charleston, SC and San Diego, CA). Additionally, we assess
local skill enhancement by two post-processing/downscaling techniques: an observationally-
based multivariate linear regression and a hybrid dynamical approach convolving sea-level
sensitivity to surface forcings with predicted surface forcing variations. We find that all these
approaches face challenges stemming from whether modeled SLAs sufficiently represent
observed local coastal SLA wvariations, because of both ocean model limitations and
inadequacies in model initialization and ensemble spread. Some of these issues also complicate
the ability of the post-processing techniques to improve probabilistic skill, even though they
do somewhat improve deterministic skill. In general, deterministic hindcast skill is
considerably higher for San Diego than Charleston, as expected from the stronger influence of
ENSO. However, ensemble spread metrics such as forecast reliability and sharpness remain
low for both locations, highlighting model deficiencies in representing uncertainty.
Additionally, evaluating how well any technique predicts seasonal coastal sea level variations
is complicated by the forced trend component and particularly how it is estimated. Moreover,
model skill is matched by a stochastically-forced multivariate linear prediction model
constructed from observations, suggesting that substantial improvement remains for predicting
coastal seasonal SLAs, which could also include leveraging other predicted fields including

sea level pressure and prevailing winds.
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SIGNIFICANCE STATEMENT

Coastal floodings have occurred more frequently in the last few decades, and it is
anticipated that the number of such hazardous events will be increasing in the future.
Therefore, accurate and reliable forecasting of coastal water level is becoming increasingly
more important. This study thoroughly evaluated some current forecast techniques for sea
level along the U.S. coasts and found that those techniques are still not capable to produce
useable forecasting of anomalous sea level at U.S. east coast 3 months in advance, due to
model inadequacy. The current generation of forecasting models were not designed for
coastal sea level prediction, and we propose a few potential improvements that can
potentially advance our capability in coastal sea level and inundation forecasting in the near

future.
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1. Introduction

Coastal flooding is a growing concern for the United States (U.S.) due to ongoing sea
level rise (Church et al., 2013; Church & White, 2006; May et al., 2023), seasonal-to-decadal
sea level variability, and land subsidence (Nicholls et al., 2021). These flooding events
impact both ecosystems and public safety, with damages to the natural environment and built
infrastructure including backed-up drainages, road closures, and saltwater intrusions.
Flooding risks are projected to continue increasing in the coming decades (Taherkhani et al.,
2020; Thompson et al., 2021; Vitousek et al., 2017), so there is an urgent need for accurate
and reliable coastal flood prediction, ideally for months to seasons in advance. High coastal
water levels are forced by a combination of drivers occurring at multiple spatial and temporal
scales, including tides, waves, anomalous river runoff, storm surges, and sea level anomalies
(SLAs) driven by atmospheric and oceanic processes on both weather and climate time
scales. While the tide is usually the largest component of local water level variability, coastal
flooding events typically occur when high tide coincides with other conditions favorable to
anomalously high water levels. Though the astronomical (tide) contributions to sea levels are
already well predicted, a high tide flooding prediction system should consider all these other
factors as well (Hague et al., 2023).

Dusek et al. (2022) recently proposed a statistical approach to predict subseasonal to
seasonal high tide flooding for U.S. tide gauges that are part of NOAA’s National Water
Level Observation Network (NWLON), which predicts daily probabilities of exceedance of a
predefined flooding threshold for each location. These forecasts were made by combining
tide predictions with a statistical representation of the “non-tidal residual” component of local
sea levels, which includes both the long-term linear trend and the climatological distribution
of hourly SLAs. They also showed that these forecasts were improved by including a simple
damped-persistence model of monthly SLAs based on the observed autocorrelation function
determined for each location. We might expect further improvement by using climate model

seasonal SLA predictions that are more skillful than damped persistence.

Numerous studies have linked SL.As to patterns of seasonal climate variability (Han et al.,
2017; Han et al., 2019b; Long et al., 2020; Roberts et al., 2016; Wang et al., 2023). This
suggests that SLAs might be potentially predictable on seasonal time scales (Shin &

Newman, 2021), and many studies have assessed seasonal SLA prediction skill of both
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dynamical and statistical models (Chowdhury et al., 2007; Long et al., 2023; MclIntosh et al.,
2015; Miles et al., 2014; Widlansky et al., 2017). Long et al. (2021) constructed a 10-model
ensemble forecast and assessed its skill of forecasting SLAs with lead times up to 12 months,
finding that the dynamical models produce more skillful forecasts than a damped-persistence
model at most open ocean locations. However, these models generally do not have higher
coastal skill than does an observationally-based Linear Inverse Model (LIM), a multivariate
empirical dynamical model that also allows for transient anomaly growth (Shin and Newman
(2021). Additionally, Frederikse et al. (2022) employed a hybrid dynamical approach, where
observed surface forcings and predicted surface forcings, from hindcasts generated by state-
of-the art seasonal forecast models, were projected onto SLA sensitivity at a specified
location to global surface forcings computed by an ocean adjoint model. The resulting SLA
hindcasts for the Charleston, SC location compared more favorably to observed tide gauge
values there than the SLAs predicted by the same forecast model. Complicating all these skill
assessments is that the pronounced externally-forced trend in sea level provides a substantial
component of skill, at least as measured using commonly-used metrics (Wulff et al. 2022),
that obscures the models’ ability to predict seasonal climate variations (Long et al., 2021;

Shin & Newman, 2021).

All the above studies of seasonal SLA prediction primarily focused on deterministic
forecasts (e.g., ensemble means) and their skill assessment. However, warning end-users
about high-tide flooding risks requires information about the likelihood of high-water
(extreme) events (Dusek et al. 2022), which entails predicting tail probabilities. Therefore, it
is also important to assess the probabilistic skill of coastal SLA prediction. For climate
models, differences between multiple ensemble members (i.e., multiple forecast realizations)
capture how initial uncertainty impacts the relative likelihood of future climate states.
Probabilistic skill assessment then becomes a comparison, over the entire hindcast period,
between the predicted probabilities of some extreme event and the actual chances of

observing that event.

To improve our ability to forecast coastal flooding risk on seasonal and longer time
scales, NOAA and NASA initiated the RISE project, a collaborative effort focused on
developing and assessing novel dynamical and statistical forecast methods of SLAs along
U.S. Coasts. This paper is an outgrowth of that project, which initially focused on a pilot
study of monthly SLLA forecast skill for sample tide gauge stations on the U.S. West and East
Coasts (San Diego, CA and Charleston, SC). In this study, we evaluate monthly hindcasts of
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sea level anomalies for those two tide gauge stations using deterministic and probabilistic
metrics. We also discuss challenges involved in making coastal SLA forecasts, including how
trends in the model outputs impact skill assessment and how to use models that may not be

correctly initialized with observed sea levels.

The paper is organized as follows. Section 2 reviews issues involved in making coastal
sea-level predictions from the output of various dynamical and statistical models. Section 3
describes the forecast and observational datasets and the general skill metrics and methods
used in this study. Section 4 presents the results of the deterministic and probabilistic skill
assessment of seasonal SLAs, including a discussion of how this skill could be considerably
impacted by both the presence of the externally forced trend and the inability of some
hindcasts to represent it. Some remarks on how forecast models that are not initialized with
satellite altimetry might be corrected follow in Section 5. Concluding remarks are made in
Section 6, including recommendations for future advances in seasonal forecast systems to

improve our prediction of coastal SLAs.

2. Challenges for Coastal Sea Level Seasonal Forecasts

As introduced above, previous studies have examined coastal SLA seasonal prediction
skill. Yet it remains unclear how climate model output of monthly sea surface height
anomalies should best be used to predict the risks of coastal flooding, and especially how
these predictions should be verified against sea levels that are observed at tide gauges along
the U.S. coastline. In most coupled climate models, the global ocean volume is conserved
(i.e., they employ the Boussinesq approximation; Griffies & Greatbatch, 2012). As a result,
these models cannot represent the global increase in sea level due to steric (thermal
expansion) or barystatic (changes in water mass) processes, although they do allow for local
height changes due to vertically integrated divergence/convergence, which is reflected in the
model “sea surface height” (variable “zos” in the output from the Coupled Model
Intercomparison Project (CMIP), as described in Griffies et al. (2016). This approach is
sufficient for some purposes because changes in the global mean volume do not impact either
ocean dynamics or coupling to the atmosphere. While the dynamical models considered here
use a non-linear free surface, some older models use a “rigid lid approximation” with no
variations in sea level at all; in this case, sea level must be calculated diagnostically from the
model’s ocean bottom pressure and density profiles (Griffies & Adcroft, 2008). In all cases,

however, local density variations due to temperature and salinity changes can impact sea
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level locally, under the restriction that their global integral remains constant under the

Boussinesq approximation.

The local change of sea level 57 can be expressed as (Griffies & Greatbatch, 2012):

m_Qm _ g .y _ ("1dr
ot = ooy~ VU~ Ly, w4z (1)

where Q,,, is water mass flux from the boundary (land ice melting, river runoff, etc.),
p(m) is the water density at the surface, H is depth of the ocean, and U is the vertically
integrated ocean current vector. The first term on the right-hand side of (1) is the contribution
to the local sea level from mass input to the ocean, which is important to the inter-annual
variability of global mean sea level (Hamlington et al., 2020). The second term is the
vertically integrated divergence, accounting for the local change of dynamic sea level. The
last term is the non-Boussinesq steric effect, which arises from density change following a
fluid parcel and vanishes in a Boussinesq fluid. The global mean sea level change due to this

non-Boussinesq steric effect can be corrected diagnostically as (Griffies & Greatbatch, 2012):

=B Yo 1, PO
n(s,t) =n°(s,t) +- In o) (2)

where 1(s, t) is the sea level at a given location s at time ¢, 2 (s, t) is dynamic sea level
from the ocean model, V is the initial reference volume of the global ocean, 4 is the global
surface area of the ocean, p(0) is the initial global volume-averaged density, and p(t) is the
global volume-averaged density at time z. To verify sea level forecasts against global
altimetry observations and reanalyses, and ultimately predict coastal sea level, this quantity,
1(s, t), needs to be predicted, but unfortunately many seasonal forecast systems typically

output only n8(s, t).

Global reanalyses that assimilate both in situ and satellite observations are used to
initialize and verify seasonal forecasts produced by climate models. For sea surface height,
global observations are only available since 1993, from satellite altimetry. Some ocean
reanalysis systems also use altimetry to correct the global mean sea level change (Balmaseda
et al 2013). However, not all seasonal forecast climate models include altimetry in their
initialization. Long et al. (2021) noted that models that included assimilation of altimetry data
in their initialization tend to have a more realistic trend (due to both internal variability and
external forcing) in their hindcasts than models that did not, which complicated skill
comparison between models, especially in regions of strong sea surface height trends such as

the U.S. East Coast. Initialization that uses altimetry appears to improve seasonal SLA
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prediction in many ocean regions, although less obviously so along the North American
coastline (Widlansky et al., 2023) where the benefit of altimetry observations may not have

been fully realized in the present-generation of assimilation systems (Feng et al. 2024).

Complicating matters further is that station-based tide gauges measure the water level
relative to benchmarks on land (Gill & Schultz, 2001; Pugh & Woodworth, 2014). Also,
some gauges are in bays or inlets, which can complicate their relationship to coastal sea level,
and their measurements may include effects of freshwater flows from upstream (Piecuch et
al., 2018). Also, since the land itself may move over time, tide gauge measurements can
implicitly include a component due to vertical land motion (VLM) (Woppelmann & Marcos,
2016). While for seasonal forecasts VLM is so small that it can be neglected (and none of the
regional or global models simulate VLM), it can become important over the entire multi-
decade period common to most seasonal hindcast datasets, where it is not easily accounted

for (Ray et al., 2023; Zervas et al., 2013).

Seasonal climate model forecasts are often “mean bias-corrected”, a post-processing step
in which potentially erroneous model climatological mean states are replaced with the
observed climatological mean state, which typically depends upon both the seasonal cycle
and the forecast lead time (Stockdale et al 1993). That is, forecasts are verified by
comparison of observed anomalies (relative to the observed mean state) to predicted
anomalies (relative to the model mean state at that lead time). Typically, mean states are
defined over a few decades, long enough to reduce sampling effects but still reasonably short
enough to be representative of the current climate state in the context of long-term (i.e.,
centennial scale) climate change. Unfortunately, as climate warming has accelerated over the
latter half of the 20th century, this latter assumption is not valid for SLAs at many locations,
especially along the East and Gulf coasts that have experienced an accelerating trend in mean
sea levels over the past few decades relative to the global mean (Hamlington et al., 2020).
The presence of a trend, even over a relatively short climatological period, leads to two
issues. First, as noted above, the forecast model may not be able to entirely simulate all the
processes responsible for the sea level trend itself. Second, anomalies are typically defined
relative to a fixed long-term mean, which means that the trend component is included as part
of the anomaly and, therefore, has a pronounced impact on the estimation of seasonal skill
(e.g., Wulff et al., 2022). This is illustrated in Fig. 1 by considering a simple case where
hindcasts of seasonal variations are so unskillful that they are entirely uncorrelated with the

observed time series, but where both hindcasts and observations are also superposed about a
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common linear trend. Then, the resulting two time series would be well correlated (Fig. 1a),
making the seasonal forecast system appear skillful. Conversely, an incorrect trend in the
hindcasts relative to observations could reduce skill even where the seasonal variations of the
hindcasts and observations were otherwise well correlated (Fig. 1b). In cases such as
illustrated in Fig. 1, we might simply remove or correct the linear trend. For example,
Balmaseda et al (2024) show that a simple linear trend correction adds skill to seasonal SLA
forecasts. More generally, however, evaluating the impact the trend on local hindcast skill
becomes problematic when the externally-forced trend is nonlinear, particularly for relatively
short records when it is unclear how to separate the trend from natural variability (e.g.,

Solomon et al. 2011).

3. Data and Methods

Here, we discuss how we assess hindcast skill from various seasonal forecast systems,
encompassing purely dynamical models, purely statistical models, and hybrid techniques.
Since previous studies of (deterministic) sea level forecast skill all used different hindcast
periods, we assess skill of all these techniques for 1995-2015, which is the common period

for hindcast availability from all the forecast techniques.
3.1 Tide gauge verification data

The verification data are based on monthly mean sea level data at the San Diego and
Charleston NOAA NWLON tide gauges from 1995 to 2016, obtained from the Permanent
Surface for Mean Sea Level (PSMSL; Holgate et al., 2013). SLAs are defined by removing
the 21-year monthly mean climatology from each tide gauge time series. We limited our skill
assessment to these two stations since the adjoint model of the Estimating Circulation and

Climate of the Ocean (ECCO) system had only developed hindcasts there.

While we focus on SLA prediction at the tide gauges, we also discuss results from three
other observationally-based gridded datasets: the SSALTO/DUACS multimission satellite
altimetry dataset (Hauser et al., 2021; also known as AVISO in the literature) with a 1/4°
spatial resolution, and three ocean reanalyses, ORASS5 (Zuo et al., 2019) with a 1/4° spatial
resolution, ECCO (Forget et al., 2015) with 1/4° spatial resolution, and GLORYS12 (Jean-
Michel et al., 2021) with a 1/12° spatial resolution. As discussed in Section 2, the tide gauges
measure quantities beyond what may be captured by global oceanic datasets, which is
illustrated by comparing the gauge time series with the nearest grid value from the gridded

datasets, shown in Fig. 2. Also shown is the correlation of the monthly gauge-located SLAs
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of each of the gridded datasets and the tide gauge time series. All the gridded products
capture the San Diego tide gauge reasonably well, but ORASS and ECCO capture only about
half the monthly SLA variance observed at the Charleston tide gauge, which may be partly
due to the relatively low weight that coastal data is given in their data assimilation systems
(Feng et al. 2024). Finally, we also show linear and quadratic trend lines to each tide gauge
record, determined by fitting a line or quadratic curve, respectively, to the data by minimizing
the mean squared error. Note that there appears to be some upward trend over the period of
record, which seems to have accelerated for both gauges after about 2011 when global mean
sea surface temperatures also began to increase more rapidly (Garcia-Soto et al., 2021), so it

is unclear how well either least-squares fit captures the externally-forced trend component.
3.2 Hindcast techniques and data

First, we consider hindcasts from three traditional assimilation-initialized seasonal
forecast systems based on coupled dynamical models: CCSM4 (Community Climate System
Model Version 4, Kirtman et al., 2014), SPEAR (Seamless System for Prediction and Earth
System Research, Delworth et al., 2020; Lu et al., 2020), and ECMWF SEASS5 (Johnson et
al., 2019). Apart from other modeling framework differences, including horizontal resolution
(see Table 1), these forecast systems differ in how the ocean state is initialized and how the
ocean model simulates global mean sea level evolution (although note that all the ocean

models have a free surface):

(1) CCSM4 has the Parallel Ocean Program version 2 (POP2) model as its ocean
component and is initialized with the Climate Forecast System Reanalysis (CFSR). Though
CFSR captures the realistic variation of ocean heat content and hence the variation of SLA
(Xue et al., 2011), the POP2 model by construction requires the global mean sea level to
remain constant. Consequently, CCSM4 has no trend in its global mean sea level. Also,

CCSM4 does not account for global mean variations in freshwater fluxes.

(2) SPEAR uses its ocean data assimilation to initialize its ocean model, the Modular
Ocean Model Version 6 (MOMS6). This data assimilation incorporates observed temperature
and salinity profiles from ARGO based on the Ocean Tendency Adjustment (OTA) outlined
in Liu et al. (2020). SPEAR does not explicitly simulate the global mean steric sea level
evolution from internal changes in heat and salt due to the previously discussed limitations of

a Boussinesq model. Still, unlike CCSM4, it does consider the imbalance of the hydrological

10



283
284

285
286
287
288
289
290

291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310

311
312
313
314
315

cycle of the climate system, which is accounted for within the topmost layer of the ocean

model (Cazenave et al., 2012).

(3) SEASS also uses a Boussinesq ocean model, the Nucleus for European Modelling of
the Ocean (NEMO) model. Unlike SPEAR, however, the ocean initial conditions of SEASS
include information from the altimeter observations via assimilation, including the global
steric change (Zuo et al., 2019). Therefore, the SEASS forecasts of sea level will inherit the
information from the sea level trend in their initial conditions and have a more realistic sea

level trend both regionally and globally.

The impact of some of these configuration differences in each forecast system is seen
when comparing observationally-based monthly anomalies of global-mean sea level,
determined from the ORASS, GLORYS12, and AVISO datasets (Section 3.1), to globally
averaged lead-1 month SLAs from the CCSM4, SPEAR, and SEASS hindcasts (Fig. 3).
[Note that here we define the lead-1 month as the first month after initialization, so that it is a
combined representation of the initial climate state and the short-term model evolution from
it.] Figure 3a shows that while there are some differences between the observationally-based
time series, all three capture the long-term trend in the global mean, as do the SEASS lead-1
hindcasts. The observed evolution is not captured by the lead-1 hindcast anomalies output
from either the SPEAR or the CCSM4 (Fig. 3b), which, as noted above, do not include the
global-mean steric or barystatic components. For the SPEAR, following the approach
discussed in Section 2, the global-mean steric component was computed from one ensemble
member of the lead-1 hindcasts and added to the global mean lead-1 ensemble-mean hindcast
(Fig. 3b) to produce the “SPEAR+steric” curve in Fig. 3a, yielding a closer match to
observations. Still, there remains a discrepancy, likely due to the lack of information about
changes in initial oceanic volume that assimilation of satellite altimetry could provide.
Finally, comparing the linearly detrended global-mean sea level anomalies for the three lead-
1 hindcast datasets to that determined from ORASS5 (Fig. 3c) shows the CCSM4 and SPEAR
initializations may not entirely capture interannual variations in the global mean sea level,

even apart from the trend.

We also created a downscaled version from each of the dynamical forecast ensembles,
using the technique demonstrated in Long et al. (2023): A seasonally invariant deterministic
downscaling operator was constructed by multivariate linear regression of the high-resolution
(1/12°) GLORYS12 ocean reanalysis data against its coarse-grained (1°) counterpart. Then,

the downscaling operator is applied to each ensemble member of each dynamical hindcast,

11
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generating an ensemble of high-resolution coastal sea level hindcasts that we refer to as
DownscalingCCSM4, DownscalingSPEAR, and DownscalingSEASS, respectively. By
downscaling each ensemble member rather than the overall ensemble-mean (as was done in
Long et al. (2023)), we generate a downscaled hindcast ensemble whose spread is based upon
the original model ensemble. Note that the downscaling operator is in a reduced Empirical
Orthogonal Function (EOF) space, so that not all the variance of the original hindcasts is
retained in the downscaled hindcasts. Multi-model ensemble means were constructed using
either the hindcast ensembles from the three GCMs or their corresponding downscaled

hindcast ensembles.

Frederikse et al. (2022) developed a hybrid dynamical approach for seasonal SLA
prediction. They first computed the sensitivities of the coastal sea level at a specific location
to different global atmospheric surface forcings, using the ECCO adjoint model. Then, SLA
prediction is made by convolving these sensitivities to observed and predicted atmospheric
surface forcings, made up of observed (ECCO) forcings up to 12 months prior to
initialization time followed by predicted atmospheric forcings up to 12 months after
initialization time. Note that the precise length of applied forcings depends upon forecast lead
time (e.g., for a 5-month lead, the forcing consists of 12 months of observed forcing followed
by 5 months of predicted forcing). In Frederikse et al. (2022), the predicted atmospheric
forcing fields are from a 10-member CCSM4 model. In the present study, we also use a 15-
member SPEAR model in addition to the 10-member CCSM4 model for the predicted surface
forcings. The resulting hindcast ensembles are named ECCO_CCSM4 and ECCO_SPEAR,
respectively. Hereafter, this approach is referred to as the ECCO adjoint approach.

Note that for both the CCSM4 and SPEAR, we assess the skill of the original dynamical
hindcasts, the downscaled version of those hindcasts, and the ECCO adjoint model forced by
those hindcasts (albeit using predicted atmospheric surface forcing variables rather than
predicted sea surface heights). This yields an ideal suite of forecasts to compare each method

because they are all derived from the same dynamical forecast system (CCSM4 or SPEAR).

Finally, we also included hindcasts from a LIM, trained using near-global gridded fields
of SST from HadISST (Kennedy et al., 2019) and SLA from ORAS4 (Balmaseda et al.,
2013) from 1961 to 2015 (Shin & Newman, 2021). The LIM’s deterministic forecast is
represented by its ensemble mean, and its fixed but lead-dependent expected error statistics
are used to estimate the uncertainty (i.e., ensemble spread) of its forecasts (equation (8) in

Penland & Sardeshmukh, 1995). The LIM hindcasts were ten-fold cross-validated for the

12
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entire 1961-2015 period, but for this paper, we assess skill only for those hindcasts initialized

in the common 1995-2015 period.

Similar to earlier studies (Frederikse et al., 2022; Long et al., 2021), we use a univariate
AR1 model, or damped persistence (van den Dool, 2006), as a minimum baseline of skill for
all the evaluated forecast techniques. Note that LIM and damped persistence are similar in
that both are determined from the lead-1 autocovariance of the data, but the LIM yields a
multivariate matrix operator rather than a univariate scalar, so it also yields transient anomaly
growth that leads to additional state-dependent predictability (Shin & Newman, 2021). Like
the LIM, an AR1 model has fixed but lead-dependent expected error statistics, which can be
used to estimate its prediction uncertainty. The damped-persistence coefficients were
determined from each tide gauge record, using data only during the hindcast period, and

cross-validated using a leave-one-out methodology.

Most dynamical models are initialized with a near-instantaneous or daily field; this is on
the first day of the month for the three dynamical forecast systems assessed here. The first
monthly mean forecast is then the mean of the first month of the forecast run, sometimes
called the “Month 0.5 forecast, i.e., centered in the middle of the calendar month (e.g.,
Kirtman et al., 2014). In contrast, empirical models may be initialized with observed (tide
gauge/reanalysis) monthly mean anomalies centered on the previous month, so that the 1-
month lead LIM/damped-persistence forecast and the dynamical model Month 0.5 forecast
verify simultaneously. Following Newman and Sardeshmukh (2017), for clarity we renamed
both these forecasts the “Month 1” forecast (i.e., the first month of the forecast period), and

so on for increasing forecast leads (see also schematic in Ding et al., 2018).

For the three dynamical forecast systems (CCSM4, SPEAR, and SEASS) that are
initialized using full-field variables, a mean bias correction is first applied by removing the
lead-time dependent climatology determined during 1995--2015 (Smith et al., 2013), as
discussed in Section 2. The statistical downscaling is applied to these bias-corrected anomaly
fields. LIM hindcast anomalies, initially defined relative to the 1960-2015 period, are
adjusted to be relative to the 1995-2015 climatology, but otherwise are uncorrected. The
ECCO_CCSM4 and ECCO_SPEAR each are forced with the mean bias-corrected dynamical
model atmospheric forcing ensemble members from CCSM4 and SPEAR hindcasts,
respectively, with an additional mean bias-correction applied to the resulting adjoint model

hindcasts.
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3.3 Prediction skill metrics

Deterministic skill is assessed using the anomaly correlation coefficient (ACC) between
observations and ensemble-mean predictions, as a function of lead time, either computed over
all calendar months or calculated separately for each verification calendar month. ACC
measures how well a model can predict the phase and sign of observed anomalies (Wilks,
2011). We also computed the root-mean-squared (RMS) skill score (RMSSS; e.g., Newman
and Sardeshmukh (2017)), defined as € =1 — &, where the standardized error 6 = 0 /0,, O
is the RMS forecast error between observations and ensemble-mean predictions, and o, is
the observed climatological RMS value. RMSSS is a measure of the average relative
amplitude of the forecast error, defined so that a perfect forecast has RMSSS=1, a
climatological forecast (i.e., a predicted anomaly of zero) has RMSSS=0, and a forecast

poorer than climatology has a negative score.

Probabilistic skill is assessed using two different metrics. First, we determined reliability
diagrams (Weisheimer & Palmer, 2014), where hindcasts are grouped into bins according to
the predicted probability (horizontal axis), and then plotted against the frequency at which
observed events occur (vertical axis). For a perfectly reliable forecast system, predicted
probabilities should match observed probabilities, in which case the reliability curve lies
along the diagonal: If an event is predicted as having an x% probability of occurring, then the
event should occur x% of the time. Also included are “sharpness” diagrams, showing how
often each forecast probability is issued, particularly distinguishing forecasts other than the
climatological probability (Wilks, 2011). For example, for a three-category tercile forecast, a
sharp forecast system should be able to issue forecast probabilities other than the
climatological probability of 0.33. We also calculate the reliability value as a single metric

for easy comparison across techniques (Toth et al., 2006).

Finally, ROC (Receiver Operating Characteristic; Kharin & Zwiers, 2003) curves were
constructed by plotting the false alarm rate against the hit rate for different probability
thresholds. In general, as we lower the probability thresholds, more ‘positive’ forecasts will
be issued, and hence, both the hit rate and the false alarm rate will increase. A good forecast
system has a high hit rate while minimizing false alarms, so an ideal ROC curve is away from
the diagonal towards the upper left corner of the diagram (Mason & Graham, 1999), thereby
maximizing the area under the ROC curve (ROC area). ROC skill score (ROCS), defined as
ROCS =2(ROC area - 0.5), measures this quantity. ROCS values can range from -1 to +1,

where ROCS<0 indicates skill worse than climatology (i.e., random chance).
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4 Hindcast skill

Before we show the skill evaluation, in Figure 4 we display an example of hindcast
ensembles from each of the techniques for both San Diego and Charleston, initialized as of
August 1, 1997 (the LIM is initialized using the monthly anomalies of July 1997) with lead
times up to 12 months. In this case, August 1997 is Month 1, September 1997 is Month 2,

and so on.

The anomalous sea level at San Diego was heavily influenced by that year’s strong El
Nifio event and the associated coastally trapped Kelvin wave that propagated along the west
coast of North America from the Tropics (Hamlington et al., 2015; Ryan & Noble, 2002).
This led to an observed SLA maximum of nearly 18 cm in San Diego by November. While
the models had some hint of this coastal Kelvin wave, it was too weak and delayed by a
couple of months (Balmaseda et al., 2002), which resulted in a relatively flat SLA response,
even for the individual ensemble members. This error was also apparent for hindcasts
initialized earlier in June and July, and it was not until the October initialization that the
models captured the timing of the November maximum (not shown, but see
https://www.psl.noaa.gov/forecasts/SealLevel/#RISE for all hindcasts and verifications used
in this paper). Interestingly, the three models also appeared to predict a similar delayed and
too-weak SLA response in San Diego for the 2009-10 and 2015-16 El Nifio events (not
shown). The ensemble spread of the downscaled and ECCO adjoint approaches was mostly
reduced compared to the original models’ spread. The observed November maximum was not
included within any technique’s ensemble spread, including the LIM’s 2 standard-deviation

ensemble spread (shading).

For Charleston, all nine techniques predicted a flat SLA response with increasing lead.
Notably, the observed February 1998 SLA maximum of 20 cm was not contained within the
ensemble spread of any forecast technique. There is a striking difference between the
observed tide gauge value and the Month 1 forecast for SPEAR, DownscalingSPEAR,
SEASS, and DownscalingSEASS. The ECCO adjoint approach appears to have improved the
comparison between Month 1 and the corresponding observed tide gauge monthly mean
anomaly. Finally, note ECCO_SPEAR appears to reduce ensemble spread relative to SPEAR,
but the opposite is true for ECCO_CCSM4 compared to CCSM4.

4.1 Deterministic skill
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The deterministic skill of all the techniques for the common hindcast period (Fig. 5) is
considerably higher at San Diego than at Charleston, in agreement with previous studies
(Long et al., 2021; Shin & Newman, 2021). For San Diego, SEASS5 and DownscalingSEASS
have the highest skill, exceeding the multi-model ensemble mean (MMM) skill largely
because the CCSM4 skill is poor. The LIM has skill comparable to MMM, SEASS, and
SPEAR for shorter leads, but its skill degrades faster for longer leads. The downscaling
technique improves of CCSM4 but not SPEAR skill, consistent with Long et al. (2023). The
ECCO adjoint approach improves upon CCSM4 skill even more than the downscaling
technique but worsens SPEAR skill. The multi-model mean of the downscaled hindcasts has
a similar skill to that of the dynamical model hindcasts. Note that for Months 1-2, only
SEASS and the LIM have a skill that exceeds damped persistence (gray background shading),

but as lead time increases, more techniques show relatively greater skill.

At Charleston, in contrast, the LIM has the highest skill, with SEASS having the highest
skill of the dynamical models, slightly exceeded by the multi-model mean at longer leads.
The ECCO adjoint approach improved the skill of both models, especially the CCSM4, while
the downscaling technique slightly improved the skill of SPEAR but not of CCSM4.

As discussed in Section 2, hindcast skill evaluation is complicated by the existence of a
pronounced externally-forced sea level trend, which has pronounced regional variations (e.g.,
cf. San Diego and Charleston in Fig. 2) that also are captured differently by the initializations
of the different forecast techniques. For example, the higher Charleston skill for SEASS and
the LIM might be due to their more accurate initialization of the externally-forced trend,
although recall from Fig. 2 that the ORASS (and likewise the ORAS4, which the LIM is
trained upon) still has some important differences from the tide gauge in Charleston. To
evaluate the impact of this trend on hindcast skill, however, we would need to first
distinguish it from natural internal climate variability, which is complicated by the short
observational dataset (e.g., Deser et al., 2014; Frankignoul et al., 2017). In turn, whether the
externally-forced trend is linear or nonlinear, which is unclear from Fig. 2, can impact

estimates of internal variability.

How to precisely determine the externally forced trend is beyond the scope of this study
(although see discussion in Shin & Newman, 2021), so here we instead test the sensitivity of
our skill assessment upon the two different trend estimates shown in Fig. 2. Specifically, we
first remove either the linear trend or the quadratic trend from both hindcasts and verification

data, determined separately for each, and then recompute skill metrics of the resulting
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detrended data. The results for linear (quadratic) detrending are shown in Figs. Scd (Figs.
Sef). Additionally, since a forced trend could contribute to persistence, we recomputed the

damped-persistence models separately for each detrending.

All the techniques have considerably reduced skill for the detrended hindcasts (verified
against detrended observations) at Charleston, consistent with earlier studies (Long et al.,
2021; Shin & Newman, 2021), suggesting that much of the apparent skill on the U.S. East
Coast is due to the pronounced trend there over the past three decades (Han et al., 2019a).
That is, much of the Charleston skill is not from hindcasts that capture month-to-month
variations of sea level but rather arises because both hindcasts and observational anomalies
have a large trend component (relative to the constant climatological 1995-2015 mean) that
artificially inflates estimates of the prediction skill of monthly variations (e.g., Fig. 1a). Note
that while the qualitative impact of detrending on skill is similar for all the techniques, its
greatest impact occurs for those techniques with relatively realistic initializations including
realistic trends. However, determining the quantitative impact of the trend on skill seems
sensitive to the assumed form of the trend. For example, linear detrending (Fig. 5d) causes a
larger decrease in SEASS skill than does quadratic detrending (Fig. 5f). On the other hand,
the skill of both SPEAR and the ECCO adjoint approaches decreases more for quadratic
detrending. Still, for both detrending methods, the skill of many of the forecast techniques
exceeds damped persistence even at longer forecast leads. Finally, note that while linear
detrending has a much less pronounced impact on hindcast skill for San Diego, its impact is

not negligible, especially for some techniques and with increasing leads.

Using RMSSS as the deterministic skill metric rather than ACC (Fig. 6) gives a similarly
qualitative picture for San Diego skill, including the relative ordering of skill across the
techniques and the impact of detrending. However, for Charleston, with the RMSSS metric,
there are now fewer techniques whose skill exceeds damped persistence, although the relative
position of the LIM is unchanged; after detrending, only a few techniques have skill that even
matches damped persistence, with RMSSS that is only slightly positive. Additionally, it is
apparent in Fig. 6 that when the dynamical models’ ACC goes below about 0.4, RMSSS
becomes negative, indicative of skill worse than a fixed prediction of a zero anomaly (i.e.,
climatology). However, this is not the case for either the LIM or damped persistence; for
example, for damped persistence, RMSSS approaches zero only as ACC approaches zero.
Interestingly, for single-member forecast systems, ACC=0.4 is equivalent to 100%

standardized error (Livezey & Chen, 1983).
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Hindcast skill for both stations depends upon the target month, especially for San Diego
(Fig. 7). This result was found in some previous studies (Long et al., 2023; Shin & Newman,
2021) as well, but here the seasonality of skill for all the forecast techniques is compared
together for a common period. For San Diego, skill maximizes for forecasts verifying during
winter, which could be associated with the El Nifio-Southern Oscillation (ENSO) signal that
typically also has a wintertime maximum along the West Coast (e.g., Shin & Newman,
2021). Some techniques also show skill for up to 1-2 season leads when verifying during
summer, consistent with an ENSO signal that is not predictable until after spring (the “spring
predictability barrier”; e.g., Tippett & L Heureux, 2020). Interestingly, the ECCO adjoint
approach especially improves skill during summer, particularly for the CCSM4, whose skill
is otherwise considerably worse than the other models. In contrast, changes in skill from
downscaling had a much weaker seasonal dependence. Still, neither ECCO_CCSM4 nor
ECCO_SPEAR summertime skill exceeds that of the LIM or SEAS5. SEASS shows
significant skill up to Month 7 throughout the year. Linear and quadratic detrending have
quantitatively similar effects to those in Fig. 5, mainly for spring and summer verifications

when skill is already lower (not shown).

For Charleston, where skill is generally much lower than for San Diego, there is a less
clear impact of seasonality upon skill (Fig. 8). Some of the techniques (DownscalingCCSM4,
SPEAR, and DownscalingSPEAR) only have significant positive ACC during the early
winter months. In contrast, SEASS5 and DownscalingSEASS have significant skill during
spring and somewhat during fall, even at the longest leads available, with the LIM having a
similar pattern with generally higher ACC values. Again, the ECCO adjoint approach boosts
skill during the warm season, yielding significant skill for April to August verifications
through Month 5 that exceeds (albeit not significantly) the skill from any other techniques.
Interestingly, much of the ECCO adjoint skill increase for Charleston is retained even after
detrending (Fig. 9). However, the degree of improvement is less when the trend line is

quadratic (not shown) rather than linear.
4.2 Probabilistic skill
4.2.1 Reliability and sharpness

As was the case for deterministic skill, probabilistic metrics are better for San Diego (Fig.
10) than for Charleston (Fig. 11). Reliability is generally better for predictions of upper than

lower tercile events. The most reliable forecasts are made by the LIM and SEASS, even for
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the lower tercile events. For San Diego, the LIM is more reliable than the other techniques at
this lead (Month 4), even as its deterministic skill is relatively poorer. For Charleston, except
for the LIM, none of the hindcasts are particularly reliable, and even the LIM is more reliable
for the upper than the lower tercile. The ECCO adjoint technique also has minimal impact on
reliability, slightly improving CCSM4 but making SPEAR worse, notably for the lower

tercile. The multi-model means do not improve overall reliability at either location (not

shown) and slightly degrade it for the downscaled hindcasts. However, this may be due to the

small number of models we used.

The inset sharpness diagrams show that while all the models can issue forecast
probabilities other than the climatological value of 0.33, these hindcasts are dominated by
very low forecast probabilities (i.e., they are generally clustered in the leftmost bins).
Interestingly, SPEAR and SEASS tend to have more forecasts with a higher probability for
Charleston than for San Diego (note their U-shape sharpness diagrams). Finally, note that the
adjoint technique reduces the occurrence of higher forecast probabilities (e.g., 0.7 and 0.9
bin) compared to the models upon which they are based, particularly for Charleston,
consistent with the reduced ensemble spreads for the ECCO_CCSM4 and ECCO_SPEAR

seen in Fig. 4.

After linearly detrending Charleston hindcasts and observations, hindcasts become much
less reliable (Fig. 12). That is, much of the (limited) reliability seen in Fig. 11 represents
probabilities from hindcasts either early in the hindcast period when both hindcast and
observed anomalies include a trend component that is relatively large and negative (when
defined as an anomaly relative to the long-term mean), or late in the period when that trend
component is relatively large and positive. It is not entirely surprising that the reliability and
sharpness of the techniques with more realistic initialization (SEASS and LIM) are most
impacted by the detrending. As with the deterministic metrics, the impact of the trend on
reliability is much less at San Diego. Additionally, reliability is less sensitive than ACC to
removing a quadratic rather than a linear trend, at least for the three-category approach used

here (not shown).
4.2.2 ROC skill scores

The ROC curves for San Diego for Month 4 (Fig. 13) show that all the techniques have
better performance in predicting upper tercile than lower tercile events. SEASS, Downscaling

SEASS, and LIM have the best performance, with ROCS values between 0.78 to 0.82 for the
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upper tercile and 0.65 to 0.77 for the lower tercile, followed in order by the SPEAR and then
the CCSM4. The downscaling and ECCO hybrid methods improve probabilistic skill for
CCSM4 but not so much for SPEAR. The multi-model mean improves upon CCSM4 and
SPEAR (and their related hindcasts) for both upper and lower tercile hindcasts but does not
improve upon SEASS. Note also that many techniques have relatively low hit rates and false
alarm rates even for the lowest classification threshold because the techniques do not issue

enough ‘positive’ event predictions overall.

For Charleston at Month 4 (Fig. 14), ROCS values for upper and lower terciles are
generally lower than for San Diego. The LIM, SEASS, and DownscalingSEASS, in that
order, have the highest ROCS values. The CCSM4 and its derived models
(DownscalingCCSM4 and ECCO_CCSM4) all have ROCS near zero, indicating that the
CCSM4 has no skill compared to a random classification model. The SPEAR and its derived
models are only slightly better. The multi-model mean also again improves upon CCSM4 and

SPEAR but not SEASS.

These results are representative of other forecast lead times, which is demonstrated by the
ROCS values for each of the techniques as a function of lead (Figs. 15 and 16). For San
Diego (Fig. 15), SEASS, DownscalingSEASS, and LIM have the highest ROCS values
through Month 7. The CCSM4 and its derived hindcasts have the lowest ROCS values, with
SPEAR in between. Neither downscaling nor ECCO hybrid methods improve ROCS values
of SEASS5 and SPEAR, although the ECCO hybrid does improve CCSM4. For Charleston
(Fig. 16), the overall skill scores are lower than for San Diego, where again, the highest
ROCS values are for SEASS, DownscalingSEASS, and LIM. Similarly, the downscaling
technique does not improve the skill score, while the ECCO hybrid method slightly improves

the skill over shorter lead times.

The removal of the linear trend also effectively reduces ROCS for SEASS and
DownscalingSEASS, but less so for the LIM (Fig. 16). Detrending improves the ROCS of
CCSM4 and DownscalingCCSM4, mostly because the removal of the spurious trend in those
model hindcasts improves the quality of their hindcasts, in the same way that the detrending
degrades the hindcasts which have more realistic trends (Fig. 1b). In contrast to the
deterministic skill, the impact of the trend upon probabilistic skill does not much depend

upon whether the trend is estimated as quadratic or as linear (not shown).

S Correcting forecasts from models with inadequate sea level initialization
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As discussed in Section 2, using and evaluating dynamical model predictions of coastal
SLAs can be challenging when the model output sea level variable does not entirely
correspond to tide gauge measurements, particularly when the model is not initialized with
sea level observations. Perhaps this could be alleviated by evaluating prediction skill after
removing the global mean from both verifications and model hindcasts, addressing the
absence of the steric contribution to global mean sea level in forecast models and/or their
initializations. We considered this approach as a possible solution both to this problem and to
the problem of evaluating detrended skill since a significant portion of the trend is related to
global mean sea level rise (e.g., Fig. 3a), although for some, if not most, tide gauges the trend
also has VLM contributions. Unfortunately, global mean sea level is also impacted by large
scale internal variability (e.g., Fig. 3¢), including potentially predictable climate variations
such as ENSO (Cazenave et al., 2012; Wang et al., 2021). Hence, removing the global mean
component was inadequate to comprehensively evaluate the skill of seasonal prediction of

regional sea level anomalies. Likewise, removing basin-wide means was also unsuccessful.

Alternatively, we might assume that models whose sea level is incompletely initialized
(e.g., without altimetry in the data assimilation) might be capable of predicting month-to-
month sea-level changes so long as other ocean variable initializations (e.g., temperature and
salinity) are not substantially impacted. Such an initialization error might be considered
simply an offset, addressed by adjusting the hindcasts. Let the predicted monthly sea level
state for initial time t and lead time j be Z(t, J). Then the prediction increment, or “delta”, of
sea level can be calculated from the model output as: AZ(t, j) = Z(t,j) — Z(t,j — 1), for all
lead times. Finally, the adjusted forecast is determined by incrementing the observed initial
monthly anomaly, Z(t, 0), with each delta at different lead times (i.e., Z(t,0) + AZ(t, j)),
yielding a “delta-corrected sea level prediction” whose month-to-month change is identical to
the original model forecast but is “initialized” with observations. However, this leaves us still
with the choice of the initial observed monthly SLA. The most recent observed monthly sea
level at the tide gauge is the previous month, or Z(t, —1). Using that as the initialization
means that we still need AZ(t, 0), which we determine from the difference between the
current Month 1 and previous Month 1 forecasts (AZ(t, 0) = Z(t,0) — Z(t — 1,0)); then,

Z(t,0) = Z(t,—1) + AZ(t, 0), and the forecasts can be incremented from that point onwards.

There are two benefits of this correction. First, the inconsistent trend between the model
and observations is no longer an issue because the realistic trend is built into the corrected sea

level. Second, the imperfect initialization is less of a problem since starting from the previous
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month’s observed SLA will largely eliminate the difference between model initialization and

observation.

The delta-corrected sea level prediction is particularly appealing for issuing real-time
SLA predictions that are appropriate for specific tide gauges, especially when using models
initialized without a trend component to predict SLAs for tide gauges with pronounced
observed trends (which over a few decades could also include vertical land motion). Note that
all delta-corrected tide gauge hindcasts include the observed trend after correction, allowing
comparison with other techniques already initialized with observations. The delta-correction
improves the ACC for the models without a correct trend, both the CCSM4 and the SPEAR,
especially for San Diego (Fig. 17; cf. lines with circles to same-colored lines with crosses).
Note that not only is the skill of the original model hindcasts improved, but the skill of the
related downscaled and hybrid model hindcasts are as well. Interestingly, the results at
Charleston are not as consistent, even though the sea level trend is larger at Charleston than
San Diego. This may be due to the larger vertical land motion component at San Diego

(Zervas et al., 2013), which the delta-correction could also capture.

Note that an error is introduced for the delta estimate in Month 1 since it uses two
separate model hindcasts initialized at two different times. This error could then propagate
through the delta-corrected hindcasts for all lead times. The delta-correction degrades the
skill of both SEASS and the LIM (not shown), whose initializations include observed sea
level information that better captures observed trends. Hence, our delta-correction method is
only an interim remedy for models with inadequate initialization and/or that do not output the

global mean steric component forecasts.

6 Concluding remarks

In this study stemming from the RISE project (a collaboration among scientists at NOAA,
NASA/JPL, and several universities), we have considered some key issues in the prediction
of coastal SLAs on seasonal time scales, a particularly challenging problem since seasonal
forecast systems largely have not been designed with such predictions in mind. Using both
deterministic and probabilistic metrics, we assessed the skill of hindcasts from various
dynamical and statistical models/techniques — traditional assimilation-initialized seasonal
forecast systems based on coupled dynamical models, an empirical regression-based
approach (the LIM), and two statistical (linear regression) and dynamical (ECCO adjoint)

post-processing techniques applied to output from the seasonal forecast models — against
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monthly SLAs observed at two sample NOAA NWLON tide gauge stations in San Diego,
CA and Charleston, SC. We found that the skill of some of the forecast systems cannot beat a
simple “damped persistence” (univariate AR1) approach, especially for Charleston. Even
fewer had deterministic or probabilistic skill greater than the LIM (multivariate AR1)
approach, which suggests that for future studies, the LIM could serve as a more rigorous
benchmark than damped persistence for coastal SLA seasonal forecast skill, both

deterministic and probabilistic.

Consistent with previous studies (Long et al. 2021; Shin and Newman 2021), SLA
seasonal prediction skill was considerably better for San Diego than Charleston. There are a
few possible reasons for poorer Charleston skill. There may simply be lower inherent SLA
predictability in the Charleston region. For example, past studies have shown that while
ENSO drives a strong and potentially predictable signal in Pacific SLA along the U.S. West
coast (Amaya et al. 2022), predictable SLAs along the U.S. East Coast appear associated with
Gulf Stream modulation that may have a smaller impact on the predictable monthly signal,
compared to unpredictable noise processes (Shin and Newman 2021). This difference is
likely exacerbated by large-scale climate model errors in the position of the Gulf Stream, due
in part to model grids that are too coarse (e.g., Bryan et al., 2007), although there are also
systematic errors in ENSO prediction as well (e.g., Beverley et al. 2023). Current climate
model resolution may also be insufficient to entirely capture climate-related signals
propagating along the coast, including Kelvin waves driven by ENSO (e.g., Amaya et al.
2022) and other coastally-trapped waves (e.g., Brunner et al. 2019 and references therein;
Hughes et al. 2019). Finally, inadequate initialization is also likely a contributing factor in
poorly performing forecasts, especially around the Gulf Stream region (Widlansky et al.
2023). For example, the CCSM4 and SPEAR Month 1 hindcasts, which were not initialized
using the altimetry observations, failed to correctly represent either the (relatively large) trend
along the US East Coast or the interannual component of global mean SLA (Fig. 3). Reliance
of the LIM and SEAS5 on ORAS4 and ORASS, respectively, means that their Charleston
initializations are also somewhat deficient relative to San Diego (Fig. 2); since these
reanalyses often give little-to-no weighting to satellite altimetry data near the coast (e.g.,
Balmaseda et al. 2013; Feng et al. 2023), this difference may be related to the fact that while
the San Diego tide gauge SLA is correlated with a large scale North Pacific SLA pattern,
Charleston is primarily correlated with SLA along the South Atlantic coast (Long et al.

2023). The resolution issues extend to the verification process, where coarse-grid model
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hindcasts (output at 1° grid resolution) are compared against point observations, rather than
against similarly gridded observational datasets. Interestingly, the ECCO adjoint approach,
which is “initialized” using a 12-month dynamical spin-up forced by surface observations,
has much better Charleston skill compared to the climate models even for Month 1 hindcasts,
with significant skill (even after detrending) up to about Month 6 during late spring and late
fall. Further diagnosis of these issues, analyzing how inadequate initialization and model
error interact with each other so that forecast systems may not take full advantage of sources

of predictability, will also need to consider other US tide gauges as well.

A common problem for all the hindcasts is that they do not appear to generate enough
categorical “hits”, even for categories with the lowest probability thresholds. This issue is
evident in individual hindcast ensembles (e.g., Fig. 4), as the ensemble spread is often
insufficient relative to observed variability so the model forecasts are not entirely reliable.
Note that while we do not expect climate models to predict observed SLA evolution with
deterministic certainty, we do expect them to be able to produce ensemble members that can
encompass what is observed to occur, so this over-confidence of the model hindcasts is likely
also reflective of model error. While both post-processing approaches (downscaling and
ECCO adjoint) yield some improvement for deterministic skill relative to the original
hindcasts upon which they were based (albeit not uniformly across the models), neither
technique appears to improve probabilistic skill and, in some cases, may reduce skill by
collapsing the ensemble spread. This suggests the importance of developing post-processing
and downscaling methods, whether dynamical or machine learning-based, whose ensembles
can capture variability more realistically on the local scales of interest, even if much of that

variability is unpredictable.

In this study, we detrended observations and hindcasts using either a linear or quadratic
fit to explore the externally-forced trend’s potential impact on hindcast skill, including
whether different trend estimates could yield different impacts on skill. For Charleston, we
found that the pronounced sea level trend increases apparent seasonal prediction skill,
especially for hindcasts that are realistically initialized. Much of the hindcast reliability at
Charleston also appears to correspond to a trend component. While a trend-related impact on
skill also exists for San Diego, it is much less pronounced and complicated by vertical land
motion over the length of the hindcast period. For both stations, detrended hindcasts
generally remain more skillful than the corresponding damped persistence benchmarks, since

the trend also increases apparent persistence. Note that, for the most part, we determined only
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the qualitative impact of the trend, since these impacts changed when the trend was assumed
to be linear or quadratic. A quantitative analysis would require estimating and removing the
evolving externally-forced trend, which is complicated by the presence of internal climate
variability, vertical land motion, and the apparent trend acceleration since 2011. Of course, if
the assumed trend differs from the actual trend, then incorrect detrending could remove some
potentially predictable component of natural seasonal-to-interannual variability. This would
impact our skill estimates, including metrics of the model’s ability to capture observed
marginal and conditional probability distributions (e.g., Xu et al. 2022). We also found that
removal of the trend can sometimes improve skill for hindcasts with an erroneous trend
component, due to inadequate initialization of a sea surface height forecast variable that does
not represent the total sea level. Our attempt to correct this issue, by using forecast output to
predict month-to-month SLA changes rather than the monthly SLA values themselves, still
suffers from an inability to cleanly separate the initial observed state into its trend and
seasonal anomaly components, and is thus, at best, a temporary, ad hoc fix. In essence,
hindcast skill assessment of U.S. coastal seasonal SLA prediction is also an externally-forced

trend detection problem.

This paper represents a multipronged assessment of the skill for seasonal prediction of
regional sea level anomalies, involving dynamical, statistical, and hybrid methods. We have
tried to provide important information to the climate prediction community about the relative
strengths and limitations of various approaches, highlighting the challenges of sea level
prediction at sample U.S. coastal stations, and stressing important issues to consider when
assessing and comparing sea level prediction skill. Our primary conclusion is that, for the
most part, the current seasonal forecasting systems may not yet be fit for the purpose of
making coastal sea level predictions in the regions considered here. It is apparent that making
useful predictions of coastal SLA is a hard test for seasonal forecast systems, which helps
identify needs for additional improvement in both climate models and their initialization. To

make progress, we propose studies aimed at the following:

e Evaluating the extent to which higher model resolution, which could reduce large
scale model errors such as Gulf Stream position and strength, will improve

forecasts that also depend upon complex coastal geography and bathymetry.

¢ Developing non-Boussinesq ocean models that include the global ocean volume

changes, both barystatic and thermosteric, which are important to local sea level
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prediction, or alternatively developing models whose output include global

changes in steric volume as an additional diagnostic.

Understanding how best to initialize climate models (either Boussinesq or non-
Boussinesq) so that their coastal forecasts may be best used, either directly or

through post-processing and downscaling.

Investigating methods to improve the reliability of climate model forecast

ensemble spread (e.g., stochastic parameterization; Sardeshmukh et al. 2023).

Diagnosing drivers of model error in hindcast ensembles, especially the rapid
initial development of error (including the initialization drift of the mean dynamic

topography of the ocean) that degrades SLA forecast skill.

Additionally, the issues discussed concerning how to post-process/downscale seasonal

climate forecasts lead us to suggest studies focused on:

Evaluating how climate model forecast ensembles may be used for driving
smaller-scale, limited domain ocean models, with better coastal processes
including tide, wave, and ocean dynamic effects, that are all necessary for

providing actionable coastal information.

Constructing forecast ensembles that can capture prediction uncertainty both at the
large climate scales and at the smaller atmospheric and oceanic scales relevant to

the coastal regions.

Evaluating new empirical and machine learning approaches, designed both to
post-process model forecasts and to make coastal SLA seasonal predictions

outright, as alternative solutions while the suggestions above are evaluated.
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Table 1 Key characteristics of the ocean model component in the three dynamical
forecast systems, including the name of the forecast system, ensemble size of the seasonal
hindcasts, lead time (months), the name of the ocean model component, nominal horizontal
resolution, whether the system includes a global mean sea surface height component in its
output, whether the system assimilates the altimetry observed sea surface height into its initial

conditions, and the reference related to each of the seasonal forecast systems.

Name  Ensemble Lead Ocean Grid Global Altimetry- References
Size Time Model Resolution  Mean Sea initialized?
(deg) Level

CCSM4 10 11 POP2 1 No No Kirtman et al.
(2014)

SPEAR 15 11 MOM6 0.5 Partly No Delworth et al.
(2020)

SEASS 25 6 NEMO 0.25 Yes Yes Johnson et al.
(2019)
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Figure 1. (a) An example of how superposing two uncorrelated time series onto a linear trend

generates the new well-correlated time series. The original uncorrelated time series has a
standard deviation of 0.9, and the superposed linear trend has a standard deviation of 0.56.
The two new time series correlate 0.39. (b) Superposing different trends can reduce the
correlation of two otherwise correlated time series from 0.90 to 0.67.
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824 Figure 2. Monthly mean SLA from two tide gauge stations, (top) San Diego and (bottom)

825  Charleston, compared with SLA values of the nearest grid point from the observationally-
826  based reanalysis datasets, AVISO, GLORYS12, ECCO, and ORASS. The correlation

827  coefficient between each reanalysis and the corresponding tide gauge time series is given as
828  numbers in parenthesis (San Diego, Charleston). Linear and quadratic least square fits to each

829  tide gauge time series are also shown.
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Figure 3. Global monthly mean SLA from satellite observations (AVISO) and
observationally-based reanalyses (GLORYS12, ECCO, and ORASS) compared to the Month
1 hindcast from SEASS5, SPEAR, and CCSM4. The anomalies are relative to the climatology
of 1995-2016 and relative to the global mean in January 1995. (a) Comparison of observed
values with SEASS and SPEAR hindcasts, where the latter is corrected with its global mean
steric component determined from the temperature and salinity profiles. (b) Comparison of
Month 1 values from the SEASS and original (without global mean steric correction) SPEAR
and CCSM4 hindcasts. (¢) Comparison of linearly detrended ORASS with linearly trended
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Figure 4. Observed (gray) and predicted (red and blue) monthly SLA anomalies from August 1997 to
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gauge records, and the model hindcasts were initialized by August 1, 1997 (LIM was initialized in
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times. The verification period is from 1995 to 2015, using hindcasts initialized in all calendar months.
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is for upper tercile hindcast, and blue is for lower tercile hindcast. The annotation is the
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terciles of the observations are also calculated using the detrended data.

Figure 12. The same as Fig. 11 but for reliability and sharpness calculated after the linear
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