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Abstract
Chronic “high-tide” flooding is a growing concern for coastal communities in Australia and 
globally as sea levels rise. Early warnings of such events can help coastal managers prepare 
for their impacts. Building on previous work, we construct predictions of daily coastal sea 
level and threshold exceedance probability that provide information on high-tide flooding 
risks over the coming season/s. Our trial forecast system combines tide predictions and rel-
ative sea level rise projections with statistical representations of storm surges and ensemble 
monthly-mean sea level anomaly predictions from a dynamical seasonal forecast model. 
We assess the system’s performance at tide gauges around the Australian coastline and in 
the western Pacific islands. The system out-performs tide-only and climatological reference 
forecasts for daily maximum sea level at all locations, and beats a best constant reference 
forecast for 99th percentile threshold exceedance probability at most locations. Including 
seasonal sea level anomaly predictions from the dynamical model improves performance 
by up to ∼ 20 % in north-west Australia and ∼ 40 % in the Pacific islands, decreasing with 
lead time. Introducing a reliability calibration significantly improves threshold exceed-
ance forecast skill at locations with complex tidal dynamics where harmonic tide predic-
tions struggle to capture the highest high tides. We show that forecast skill is sensitive to 
the choice of impact-based (e.g., minor) or likelihood-based (e.g., 99th percentile) flood 
threshold, highlighting the importance of defining locally-relevant thresholds for applica-
tion of the warning system. The development of real-time forecast guidance products to 
suit a range of potential stakeholders, from emergency services and meteorological agen-
cies to coastal and ecosystem managers and port authorities, is ongoing.

Keywords  Coastal flooding · Seasonal prediction · Forecast verification · Sea level rise

1  Introduction

The frequency and severity of coastal flooding events are increasing across the globe, 
and are expected to increase further with sea level rise (McInnes et  al. 2016; Cooley 
et  al. 2022). The potential for serious future impacts in the Australian region has 
been recognized through the classification of coastal flooding as a priority hazard in 
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Australia’s first National Climate Risk Assessment (Department of Climate Change 
2024). Extreme events associated with, for example, tropical cyclone storm surges 
(Needham et al. 2015; Mortlock et al. 2018) and other short-lived atmospheric phenom-
ena such as East Coast Lows (Callaghan and Power 2014) are important due to their 
acute impacts on property, infrastructure and loss of life. In contrast, regular minor or 
nuisance flooding (e.g. due to tides alone) can have chronic and cumulative impacts 
on communities through, for example, road and sidewalk closures, saltwater intrusions 
and blocked storm drainage and waste water treatment systems with their associated 
public health impacts (e.g. Flood and Cahoon 2011; Hanslow et  al. 2018; Hino et  al. 
2019; Kasmalkar et al. 2020; Hauer et al. 2021; Allison et al. 2024). There is evidence 
that the cost of these regular minor events may become comparable to that of extreme 
events in some locations due to their cumulative impacts (Moftakhari et al. 2017; Paulik 
et al. 2021). The increasing observed (e.g. Sweet 2018; Hague et al. 2020, 2022) and 
projected (Sweet and Park 2014; Vandenberg-Rodes et al. 2016; Thompson et al. 2021; 
Hague et  al. 2024) frequency and impacts on coastal communities of such “high-tide 
flooding” events, so-named because they are often associated with king tides and the 
lack of a specific meteorological driver, requires such communities to consider adapta-
tion measures (Ayşın Dedekorkut-Howes et al. 2021; Mortensen et al. 2024). For adap-
tation to be effective, quantitative knowledge of the risk and how it may change in the 
future is critical.

Seasonal outlooks of expected coastal sea level variability over the next 1 to 12 
months, particularly of high-tide flooding risk, can inform decision making and risk 
management by coastal managers and stakeholders. Decisions that could be informed by 
skillful seasonal outlooks include hazard planning for coastal infrastructure (e.g. ports, 
roads, buildings), scheduling for coastal activities, access and maintenance, and work-
force planning for emergency services and meteorological agencies. Skillful seasonal 
coastal sea level predictions can also inform environmental management decision-mak-
ing and planning. Sea level extremes can impact coastal ecosystems through processes 
ranging from salt-water intrusions and coastal erosion under high-water events to coral 
reef exposure and mangrove diebacks during “low-water droughts” (e.g. Brown et  al. 
2019; Ampou et al. 2017; Abhik et al. 2021; Widlansky et al. 2014). Loss of access to 
sites and poor outcomes for conservation efforts can also result from sea level extremes. 
Many of these decisions are already being informed by information from conventional 
tide tables (as well as storm-tide forecasts at numerical weather prediction lead times). 
However, the potential added decision-making value of full-feature seasonal sea level 
outlooks, that also include forecast information on non-tidal sea level variability, has not 
been explored in detail. Recent advances in seasonal forecasting of non-tidal sea level 
variability (e.g. Widlansky et al. 2017; McIntosh et al. 2015; Long et al. 2021; Holmes 
et al. 2025) suggest that such a system, combining seasonal forecasts of non-tidal residu-
als with tide predictions and other climatological information, may now be possible. This 
is what we explore in this study.

Here we present seasonal sea level and high-tide flooding outlooks which combine 
forecast information for a number of different contributions to sea level variability 
that are skillful on daily time scales from 1 to 12 months into the future. This trial 
forecast system builds on the work of Dusek et al. (2022) and Stephens et al. (2014). 
Dusek et  al. (2022) developed a probabilistic system for forecasting daily high-tide 
flooding risk at tide gauges around the North American coastline and Pacific islands. 
They did this by combining deterministic tide predictions and sea level rise projec-
tions with probabilistic, climatological distributions of the non-tidal residuals (defined 
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as the observed sea level minus the tide prediction and sea level rise). These non-
tidal residuals include the effects of storm surges, atmospheric pressure variations, 
waves and other processes observed at a tide gauge that, while not directly predictable 
beyond a typical weather forecast time-scale, have a seasonality that can be incorpo-
rated into the forecast system based on past observations. Dusek et al. (2022) showed 
that their system was more skillful than a constant reference forecast (corresponding to 
the observed past frequency of events) at the majority of the US east, west and Pacific 
island locations they considered for the specific set of impact-based minor-flooding 
thresholds they considered.

A variety of subseasonal to seasonal (and beyond) processes, associated with modes 
of climate variability such as the El Niño-Southern Oscillation (ENSO) and the Inter-
decadal Pacific Oscillation (IPO), also contribute to sea level variability (Frankcombe 
et al. 2015; Woodworth et al. 2019) and are known to modulate coastal flooding fre-
quencies and impact ecosystems in some locations (e.g. Widlansky et al. 2014; Muis 
et  al. 2018; Lowe et  al. 2021; Sweet et  al. 2024). These processes act in addition to 
the sea level seasonal cycle, which in this study is captured within the tidal predic-
tion by the annual and semi-annual tidal constituents (Parker (2007); Ray and Merri-
field (2019), see Sect. 2 and Appendix A for more discussion of how long period tidal 
constituents are treated) and residual climatological distributions. A number of recent 
studies have shown that some seasonal sea level anomalies are predictable out to and 
beyond 6 months into the future using current-generation dynamical seasonal fore-
cast systems (e.g. Widlansky et al. 2017; McIntosh et al. 2015; Long et al. 2021; Hol-
mes et al. 2025). In an extension to their climatological forecast system, Dusek et al. 
(2022) showed that including a simple persistence-based seasonal forecast, where the 
sea level anomaly from the previous month is assumed to persist into the future, led 
to improvements in forecast skill along the US west coast and in the Pacific islands 
where persistence is significant due to the influence of ENSO. This option was also 
explored by Stephens et  al. (2014), who combined tide predictions with forecasts of 
low-frequency mean sea level variability to construct high-water alerts for the Pacific 
islands.

In this article, we develop a trial Seasonal Outlooks for High Tide Flooding (SOHTF) 
forecast system that provides probabilistic information on daily coastal sea level 1–12 
months into the future. SOHTF is based on the work of Dusek et al. (2022) and combines 
tide predictions and sea level rise projections with climatological distributions of the non-
tidal residual from tide gauge observations (see Sect. 2). Our work advances upon Dusek 
et al. (2022) by (1) assessing the skill of a similar system applied to tide gauges in the 
Australian and western Pacific region (Fig.  1a), (2) verifying the probabilistic raw sea 
level forecasts (using the continuous ranked probability score, CRPS) in addition to high-
tide flooding threshold exceedance probability forecasts (Sect. 3), (3) including dynami-
cal seasonal sea level forecasts from the Bureau of Meterology’s seasonal forecast system, 
ACCESS-S2 (Wedd et al. 2022; Holmes et al. 2025, Sect. 4) (4) exploring a number of 
additional advancements including a reliability calibration step (Sect.  5 and Appendix 
A) and (5) quantifying the sensitivity of threshold exceedance forecast skill to different 
choices of impact-based and likelihood-based flood thresholds (Sect.  6). In Sect.  6 we 
also briefly consider low-water extremes, given the potential for forecast applications 
related to shipping, port access and ecosystem impacts. We conclude with a summary of 
our results, a discussion of the potential applications of SOHTF as well as future work 
(Sect. 7).
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2 � Methods

2.1 � Data

We use hourly observations of total water level, �o(t) , from the Australian National Col-
lection of Homogenized Observations of Relative Sea Level (ANCHORS) tide gauge 
dataset (Hague et  al. 2022). In addition to the ANCHORS data, we also include sev-
eral western Pacific island tide gauges (from the University of Hawaii Sea Level Center, 
UHSLC, Caldwell et al. (2001), https://​uhslc.​soest.​hawaii.​edu/​data/) in order to provide 
a contrast with the Australian locations given the differing coastal sea level dynamics 
around islands compared to the Australian continent, and the increased seasonal pre-
dictability in the tropical Pacific region (e.g. Widlansky et  al. 2017). These western 
Pacific locations, indicated in Fig.  1a, were chosen to represent a range of latitudes, 
tidal ranges, and seasonal predictability (SOHTF forecast skill had no influence on this 
choice of stations). Our analysis is based on observations over the periods 1982–2018 
(for the ANCHORS gauges) and 1993–2018 (for the UHSLC gauges), referred to as the 
hindcast period.

Fig. 1   a Tidal range (defined as the mean daily high tide minus the mean daily low tide), b linear trend, 
c non-tidal residual standard deviation, d monthly-mean residual standard deviation  and ACCESS-S2 
monthly-mean anomaly CRPS skill score (relative to a climatological forecast, see methods) at lead months 
e 1 and f 4 for each tide gauge location considered in this study. The time period considered for these met-
rics is 1982–2018 for the ANCHORS locations (coastal Australia) and 1993–2018 for the UHSLC locations 
(Pacific islands)

https://uhslc.soest.hawaii.edu/data/
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2.2 � Probabilistic total sea level forecasts

The SOHTF system combines four different components of sea level variability: 

1.	 Astronomical tide predictions,
2.	 Sea level rise (long-term trend),
3.	 Climatological statistics of storm surges and high frequency variability,
4.	 Seasonal sea level anomalies from ACCESS-S2 ensemble predictions.

Based on these components, our prediction for the sea level at a given tide gauge can be 
written,

where t is time with hourly resolution and each line in the equation represents the equiva-
lent component (1–4) above of the sea level variability. �tide(t) and �SLR(t) are treated deter-
ministically, while �res(t) and �seasonal(t) are treated probabilistically through representation 
as Gaussian distributions, N(�, �2

) , characterized by their mean, � and standard devia-
tion, � . Each component is described in more detail in the following subsections. We will 
mainly focus on two versions of the system:

•	 SOHTF-CLIM: This version, corresponding to setting i = 0 in Eq. (1), does not include 
ACCESS-S2 predictions and is thus roughly equivalent to the climatological system 
proposed by Dusek et al. (2022) (with differences noted below).

•	 SOHTF-S2: This version, corresponding to setting i = 1 in Eq. (1), does include 
ACCESS-S2 predictions, with a modification to the residual variance (third line in Eq. 
(1)) to avoid double counting the seasonal variability as described in more detail below.

2.2.1 � Tide predictions (deterministic)

Our tide predictions [ �tide in Eq. (1)] are based on harmonic analysis of the tide gauge 
data over the full hindcast period using the Utide software package (https://​pypi.​org/​proje​
ct/​UTide/, Codiga (2011)). We use a set of 146 tidal constituents which includes all the 
major diurnal and semi-diurnal constituents as well as shallow water constituents and the 
annual and semi-annual constituents, Sa and Ssa. Therefore, the tide component of the 
forecast captures the seasonal cycle of mean sea level, characterized by higher maximum 
tide heights along the south coast in winter and in the north in summer (Fig. 2a), as well 
as the long-term 4.4 and 18.6-year nodal cycles (Haigh et al. 2011; Enríquez et al. 2022). 
No trend term is included in the tide prediction and no data filling is performed prior to 
the prediction. These choices are based on a sensitivity analysis performed using a vari-
ety of tide prediction configurations, as discussed in more detail in Appendix A and in 
Richet et al. (2024). Note that the climatology calculations for the ACCESS-S2 component 

(1)

�f (t) = �tide(t)

+ �SLR(t)

+N
(

�R(tT , tM), �
2

R
(i, tT , tM)

)

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
�res

+ i N
(

�S(t), �
2

S
(t)
)

⏟⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏟
�seasonal

,

https://pypi.org/project/UTide/
https://pypi.org/project/UTide/
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[ �seasonal in Eq. (1)] requires care to avoid double counting the seasonal cycle, as discussed 
in Sect. 2.2.4.

2.2.2 � Sea level rise (deterministic)

We use the long-term trend in sea level, based on either a quadratic or a linear fit to the 
total hourly sea level over the hindcast period, as a deterministic component of the fore-
cast [ �SLR in Eq. (1)]. No data filling is performed prior to computing these trends. We do 
not consider the role of vertical land motion in this study. For the Australian tide gauges, 
we use a quadratic rather than linear fit in order to capture acceleration in the rate of sea 
level rise (e.g. Hamlington et  al. (2024)). However, for the western Pacific island tide 
gauges, where the hindcast period is shorter, we found that a linear fit was more robust (i.e. 
less influenced by climate variability, see Appendix A for a discussion of other possible 
approaches to the treatment of trends).

2.2.3 � Residual statistics (probabilistic)

Following Dusek et al. (2022), we represent the non-tidal variability in the sea level using 
a set of climatological distributions of the residuals (the observed total sea level minus the 

Fig. 2   Climatological statistics over the 1982–2018 (ANCHORS gauges) and 1993–2018 (UHSLC gauges) 
hindcast periods used in SOHTF. Australian tide gauges are listed in anti-clockwise order from top to bot-
tom, with the western Pacific island gauges listed at the bottom below the black line. a Maximum tide 
height, relative to Mean Higher High Water (MHHW, the mean daily maximum tide over the hindcast 
period) by calendar month. b Climatology of non-tidal residual standard deviation by calendar month. c 
Residual standard deviation anomaly classed by tide decile. d Climatological frequency of high-tide flood-
ing events (defined as exceedances of the 99th percentile of daily maximum total sea level) over the hind-
cast period
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tide and trend computed as above) at each tide gauge location [ �res in Eq. (1)]. These distri-
butions capture all processes that contribute to the observed variability at each gauge, such 
as storm surges, inverse barometer, coastal trapped waves, wave setup etc, and thus SOHTF 
constitutes a forecast of the total water level (although note that processes acting on time-
scales shorter than one hour are not properly represented in the underlying dataset). These 
distributions are assumed to be Gaussian with means and standard deviations, �R(tM , tT ) , 
�2
R
(i, tM , tT ) that are computed from the hindcast period separately for each month of the 

year, tM(t) ∈ [1, 12] . As discussed in Dusek et  al. (2022), we make a Gaussian approxi-
mation for the residual distributions as we are focused on predicting relatively frequent 
events that occur within the bulk of the residual distribution where the normal assumption 
is a good approximation, rather than events at the tails (e.g. beyond 5%) associated with 
extreme storm surges. These distributions are then added to the deterministic tide and trend 
predictions to create a probabilistic forecast of total sea level for each month of the year 
that accounts for the observed seasonality in residual variability (Fig. 2b). For example, 
SOHTF captures the intensification of storm surge activity in the winter months along the 
south coast of Australia (most evident between Thevenard and Victor Harbor in Fig. 2b). In 
this way, our approach accounts for the seasonal dependence of storm surge and tide height 
maximums similar to the joint probability method used by Palmer et al. (2024). Note that 
in SOHTF-S2, when ACCESS-S2 predictions are included, the climatological distribution 
variance includes only high-frequency (submonthly) variability.

In addition to a dependence on the month of the year, the residual distributions are also 
dependent on deciles of the tide, tT (t) ∈ [1, 10] , as an attempt to account for tide-residual 
interactions [following Dusek et al. (2022)]. This dependence is computed by binning the 
residuals by tide decile and computing the mean and standard deviation of the residuals 
in each bin. For the standard deviation, this is shown as an anomaly relative to the mean 
across all tidal deciles in Fig.  2c. The dependence is relatively weak in most locations, 
reaching 2.5cm in the most extreme cases.

2.2.4 � Seasonal sea level anomalies (probabilistic)

We also explore the benefit of including seasonal sea level anomaly predictions [ �seasonal 
in Eq. (1)] taken from the Bureau of Meteorology’s dynamical seasonal forecast model, 
ACCESS-S2 (Hudson et al. 2017; Wedd et al. 2022). ACCESS-S2’s sea level predictions, 
described in more detail in Holmes et  al. (2025), consist of a 27 member lagged-time 
ensemble of forecasts of monthly-mean sea level anomalies (including the inverse barom-
eter effect added as a post-processing step) at 0.25◦ resolution globally, initialized at the 
beginning of every month over the hindcast period 1982–2018. ACCESS-S2 also provides 
real-time forecasts that are not discussed here. These forecasts are interpolated using near-
est neighbour interpolation to each tide gauge location. The ACCESS-S2 sea level pre-
dictions are most skilful in the Pacific islands and the north and west coasts of Australia 
(Fig. 1e, f), with little skill on the south and east coasts beyond the first lead month (see 
Holmes et al. (2025) for more details).

Monthly mean ACCESS-S2 seasonal sea level anomalies are computed using a lead 
time-dependent climatology and long-term trend that matches the hindcast period used 
for the tide prediction, long-term trend and residual distribution computations described 
above. This matching of ACCESS-S2 climatology and tide analysis periods avoids double 
counting of variability captured by the tide predictions (e.g. radiational tides and the sea-
sonal cycle). When used in SOHTF-S2, the ACCESS-S2 seasonal sea level anomalies are 
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added to the other forecast components using a normal distribution (chosen for simplicity) 
with ensemble mean and ensemble standard deviations computed across the 27 member 
ACCESS-S2 ensemble forecast at each lead time. Again, to avoid double counting, the cli-
matological residual distributions are computed using only submonthly residuals (i.e. the 
monthly-mean is removed) when ACCESS-S2 is included, as denoted by the i dependence 
of �2

R
 in Eq. (1).

For comparison purposes, we also consider a deterministic damped persistence seasonal 
forecast (as discussed in Dusek et  al. (2022), denoted by SOHTF-Damped Persistence), 
computed by persisting forward the previous month’s monthly-mean total sea level anom-
aly, multiplied by the autocorrelation of the monthly-mean total sea level anomaly over the 
hindcast period (see Sect. 4).

2.3 � Threshold exceedance forecasts

In addition to the probabilistic total sea level forecast described by Eq. (1), SOHTF also 
includes forecasts of the probability of exceeding certain thresholds, �th . For a given thresh-
old �th , these probabilities are computed as the area under the probabilistic total sea level 
prediction distribution that exceeds �th,

where Ff (�, t) =
1

2

�

1 + erf
�

�−�

�
√

2

��

 is the cumulative distribution function corresponding to 
the predicted distribution �f  [i.e. from Eq. (1) a normal distribution with mean 
�tide + �SLR + �R + i�S and standard deviation 

√

�2
R
+ i�2

S
 ]. Following Dusek et al. (2022), 

we also compute daily probabilities of thresholds exceedance, pdaily(𝜂 > 𝜂th) , taking into 
account the auto-correlation of the hourly residuals via,

where pmax is the maximum hourly threshold exceedance probability within each day and 
r(t) is the auto-correlation function of the hourly residuals (computed from the hindcast 
period) at lag t in hours from the hour of pmax.

A critical consideration is the choice of threshold �th . As impact-based high-tide flood-
ing thresholds are not available for many of the locations we consider, we have instead used 
the 99th percentile of the daily maximum total sea level over the hindcast period. Such a 
threshold, corresponding to a frequency-based flooding definition of 3–4 events per year 
over the hindcast period on average, has been used in the past as a representative thresh-
old for high-tide flooding events (e.g. Hague et al. 2022). However, in Sect. 6 we explore 
the sensitivity of our results to the choice of threshold, considering impact-based minor 
flooding thresholds from Hague et al. (2022) at locations where they are available, as well 
as considering more extreme likelihood-based thresholds to understand how forecast skill 
decays when considering more extreme events. In Sect. 6 we also consider low-water level 
thresholds [obtained by replacing 𝜂 > 𝜂th in Eq. (2) with 𝜂 < 𝜂th ] to understand the skill of 
the system at predicting low-water level extremes.

(2)phourly(𝜂 > 𝜂th) = 1 − Ff (𝜂th, t),

(3)pdaily = pmax +

23
∑

t=1

[

phourly(t)(1 − r(t))
]

,
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2.4 � Skill metrics

The skill of SOHTF’s total sea level prediction, �f  , is assessed using the continuous ranked 
probability score (CRPS), while threshold exceedance probability prediction skill is assessed 
using the Brier score (BS). Note that the CRPS can be interpreted as an integral of the BS 
for threshold exceedance probability forecasts averaged over all possible thresholds (Hersbach 
2000), while the BS quantifies SOHTF’s skill at predicting specifically the highest sea levels. 
Both the CRPS and BS are proper scores, in the sense that forecast distributions that are clos-
est to the true observational distribution give optimum expected scores (Gneiting and Katzfuss 
2014).

2.4.1 � Continuous ranked probability score

The CRPS is defined as,

where Ff  is the forecast cumulative distribution function, H is the heaviside step func-
tion (which takes the value 0 when the argument is negative and 1 otherwise) and �o is 
the observed sea level. If �f  is deterministic, corresponding to a forecast distribution 
Ff (�) = H(� − �f ) , the CRPS reduces to the mean absolute error. Otherwise, tighter fore-
cast distributions around the observed value �o yield smaller, better CRPS scores. We con-
vert CRPS to a skill score CRPSS,

where values of CRPSS greater than 0 indicate that the forecast has better CRPS than the 
CRPS of a reference forecast, CRPSref . In most cases we consider the climatological dis-
tribution of �o at the given location from the given target month as our reference forecast, 
although we also consider several other reference forecasts (such as a tide-only determin-
istic forecast) in specific cases. As our probabilistic forecasts are always Gaussian distribu-
tions, the CRPS can be computed analytically as (Gneiting et al. 2005),

where �( �o−�
�

) and Φ(

�o−�

�
) denote the probability density and cumulative distribution func-

tions of a normal distribution with mean 0 and standard deviation 1 respectively. Note that 
the CRPS verification can be performed across all months together, or separately as a func-
tion of calendar month in order to evaluate the seasonal dependence of forecast skill.

2.4.2 � Brier score

Verification for SOHTF’s threshold exceedance forecasts is based on the BS, the squared 
error in probability space,

(4)CRPS(Ff , �o) = ∫
∞

−∞

[

Ff (�) − H(� − �o)
]2
d�,

(5)CRPSS = 1 −
CRPS

CRPSref
,

(6)CRPS(N(�, �2
), �o) = �

�

�o − �

�

�

2Φ
��o − �

�

�

− 1
�

+ 2�
��o − �

�

�

−

1
√

�

�

,

(7)BS = (p − po)2,
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where p is the probability forecast and po is the binary event time series, equal to 1 if the 
observed sea level exceeds the threshold and 0 otherwise. The overline indicates an aver-
age over all forecast cases (note that since our sea level thresholds are absolute, we only 
consider BS verification computed across all calendar months together). As for the CRPS 
[Eq. (5)], we compute a Brier skill score (BSS) by comparing the BS against BSref , the BS 
achieved by a reference forecast. We consider two reference forecasts; 1) the “best con-
stant” reference forecast, which has a constant value of p corresponding to the observed 
frequency of threshold exceedances across all calendar months in the hindcast period at 
each location and 2) a “climatological” reference forecast, where p corresponds to the 
observed frequency of threshold exceedance only within the given calendar month (i.e. 
capturing the seasonal cycle of threshold exceedances).

2.4.3 � CORP decomposition and reliability calibration

Finally, to better understand the threshold exceedance skill, and to perform a robust reliability 
calibration (see Sect. 5), we perform a Consistent, Optimally binned, Reproducible, and Pool-
Adjacent-Violators algorithm based (CORP) decomposition of the BS (Dimitriadis et al. 2021; 
Loveday et al. 2024). CORP uses nonparameteric isotonic regression to robustly decompose 
BS into miscalibration MCB, discimination DSC and uncertainty BSref terms,

Small values of MCB indicate that the forecast is reliable, in that the observed frequency 
of threshold exceedances for a given forecast probability matches that forecast probabil-
ity. Larger values of DSC indicate that the forecast is able to better discriminate between 
exceedance and non-exceedance.

2.4.4 � Cross validation and out of sample testing

We use a cross-validation approach to evaluate the skill of SOHTF at each tide gauge loca-
tion across the hindcast period. This involves training the forecast system (i.e. computing 
tide predictions, residual climatologies, auto-correlation functions, ACCESS-S2 climatolo-
gies, sea level trends and percentile-based thresholds) on all but one year of data and veri-
fying the forecast systems performance on that held-out year. This process is performed 
for every year of the hindcast at each location (a single “fold” of the cross-validation), 
with the results then averaged across all folds. While other choices of fold configurations 
are possible (e.g. holding out a random non-contiguous set of data), the choice of using a 
contiguous years yields a reasonable number of folds and is appropriate to the forecast use 
case where predictions are created for the upcoming year (using observed statistics from 
previous years).

2.4.5 � Statistical significance

The Diebold-Mariano test (Diebold and Mariano 1995), with the Hering and Genton 
(2011) modification, on the time series of raw score differences (CRPS or BS) at each time 
and location is used to evaluate statistical significance of score differences. Following con-
vention we use a p = 0.05 level for statistical significance.

(8)BS = MCB − DSC + BSref .
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3 � Results: Skill assessment of SOHTF‑CLIM

In this section we assess the skill of SOHTF-CLIM, the system without including 
ACCESS-S2 seasonal forecasts included [ i = 0 in Eq. (1)]. We assess the skill of SOHTF-
CLIM in predicting total water level (Sect.  3.1) as well as threshold exceedance proba-
bilities (Sect.  3.2) at the Australian and western Pacific island sites (see Fig.  1a for site 
locations).

3.1 � Total water level prediction skill

Total water level prediction skill for SOHTF-CLIM is assessed using the CRPS met-
ric (shown averaged over all calendar months in Fig. 3a) and compared to two reference 
forecasts:

•	 a “climatological” probabilistic reference forecast, corresponding to the climatological 
distribution of total sea level observed at that location for the given month and,

•	 a “tide-only” deterministic reference forecast, which includes only the tide and trend 
components of SOHTF-CLIM [i.e. the first two lines of Eq. (1)].

Fig. 3   CRPS verification of SOHTF-CLIM’s total sea level forecasts. a CRPS for daily maximum (solid 
lines) and hourly (dashed lines) sea level forecasts averaged across all calendar months (smaller values are 
better). The black lines are for the climatological (distributional) reference forecast, the blue lines are for 
the tide-only (deterministic) reference forecast and the orange lines are for the SOHTF-CLIM (distribu-
tional) system. Dots indicate scores that are significantly better than the climatological forecast according to 
the Diebold-Mariano test ( p = 0.05 ). c SOHTF-CLIM CRPSS of daily maximum sea level compared to the 
climatological reference as a function of calendar month (larger values are better). Verification is based on 
cross-validation across the 1982–2018 (ANCHORS) or 1993–2018 (UHSLC) periods (see methods)
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As quantified using CRPS, the climatological reference forecast performs best where 
the overall sea level variability is smallest (black lines in Fig. 3a). Since this overall sea 
level variability is dominated by the tides at most locations, the climatological forecast per-
forms worst in areas where the tidal range is large (Fig. 1a). For example, at Broome the 
CRPS for the climatological reference forecast reaches ∼ 1.2 m for hourly values and 0.6m 
for daily maximum values, while in Fremantle (relatively smaller tidal range) the CRPS 
for daily maximum sea level is only about 10 cm and at Penrhyn in the Pacific Islands it 
reaches as small as 5 cm.

The CRPS of the tide-only reference forecast (blue lines in Fig. 3a) is equal to the mean 
absolute error and thus to the time mean of the absolute value of the non-tidal residual. 
This is largest along the south coast of Australia where mid-latitude storm surges domi-
nate (compare blue lines in Fig.  3a to Fig.  1c). For hourly sea level, the tide-only fore-
cast performs better than the climatological forecast at all locations (compare dashed blue 
and black lines in Fig. 2a). However, in locations where tidal variability is smallest, the 
tide-only forecast performs worse than the climatological forecast for daily maximum sea 
level (e.g. Fremantle, Melbourne, Lakes Entrance and Penrhyn in the Pacific Islands, com-
pare blue and black solid lines in Fig. 3a). This is because in these locations the non-tidal 
residual variability is a large fraction of the total sea level variability, and is not taken into 
account by the tide-only forecast. We also note that the CRPS for the tide-only forecast 
is very similar for both hourly and daily maximum sea level (compare dashed and solid 
blue lines in Fig. 3a), which suggests that non-linear interactions between the tide and the 
residual are of second order. These differences are largest at locations with complex tidal 
dynamics, such as Mackay on the Australian east coast.

SOHTF-CLIM, which includes climatological distributions of the non-tidal residual 
(rather than the climatological distribution of the total sea level for the climatological ref-
erence forecast), in addition to the tide-only forecast, performs better than both the tide-
only forecast and the climatological reference forecasts at all locations for both hourly and 
daily maximum forecasts (compare orange, blue and black lines in Fig. 3a). The improve-
ment over the tide-only forecast is consistently 3cm or larger, reaching 5cm along the 
south coast of Australia where non-tidal residual variability is largest. As a fraction of the 
tide-only forecast error, this improvement is close to 30% at all locations (i.e. the CRPSS 
of SOHTF-CLIM relative to the tide-only forecast remains within ±0.02 of 0.29). Evalu-
ated using the Diebold-Mariano test, SOHTF-CLIM’s CRPS is significantly better than 
climatology at all locations (indicated by the orange dots in Fig.  3a), with the greatest 
improvements being where tide variability is largest. At most locations there is little sea-
sonality in SOHTF-CLIM’s CRPSS relative to the climatology for daily maximum sea 
level (Fig.  3b). Where seasonality is evident, it is partially related to variations in the 
magnitude of unpredictable residual variability (Fig. 2b), such as the reductions in skill in 
late winter along the southern Australian coast associated with winter storms and in aus-
tral late summer and winter in some of the Pacific islands.

3.2 � Threshold exceedance skill

SOHTF-CLIM’s skill for forecasts of the probability of exceeding the 99th percentile 
of daily maximum sea level is assessed using the BS, in comparison to two reference 
forecasts, the best constant reference forecast and a climatological reference forecast 
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computed based on the climatological frequency of observed threshold exceedances 
(e.g. Fig. 2d). Given the choice of a 99th percentile threshold, the best constant refer-
ence forecast probability is about 0.01. It only differs weakly from this value due to 
missing data and the fact that the 99th percentile thresholds are computed on a sub-
set of the hindcast data and assessed on the remaining data using cross-validation (see 
methods Sect.  2.4.4). The corresponding BSref  is also around 0.01 ( BS = (1 − p)p for 
p = po in Eq. (7), see black solid line in Fig. 4a)1 Accounting for the seasonality in the 
observed threshold exceedance results in a slight improvement (compare black dashed 

Fig. 4   Brier score verification for SOHTF-CLIM’s forecasts of the probability of the daily maximum sea 
level exceeding the 99th percentile. a The BS for SOHTF-CLIM (orange), the best constant reference fore-
cast (black solid line, BSref  ) and a climatological reference forecast (black dashed line). Also shown are the 
decomposition of SOHTF-CLIM’s BS into CORP miscalibration (red) and discrimination (blue) terms. b 
The BSS of SOHTF-CLIM relative to the best constant reference forecast. Orange markers indicate that the 
BSS is statistically significant according to the Diebold-Mariano test ( p = 0.05 ). Verification is based on 
cross-validation across the 1982–2018 (ANCHORS) and 1993–2018 (UHSLC) period (see methods)

1  Note that the reason that BSref is greater than 0.01 for the western Pacific islands, black lines in Fig. 4a, 
is because of the smaller record length and the dominance of interannual variability at these locations. This 
leads to single years in the record with high sea levels that correlate with low thresholds (because that year 
is excluded in the cross-validation process when computing the threshold), resulting in a higher average 
exceedance frequency (and thus BSref ) over the cross-validation folds than expected from the 99th percen-
tile threshold.
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and solid lines in Fig.  4a). SOHTF-CLIM’s BS is best at locations where tidal vari-
ability is largest (excluding Wyndham), along the north west, north east and east coasts 
and at some of the Pacific islands, and worst along the south Australian coast where the 
relative contribution of tides to the total variability is lowest (orange line in Fig. 4a). 
SOHTF-CLIM’s BS is better than the best constant reference forecast at the majority 
of locations, as illustrated with the BSS (Fig. 4b). According to the Diebold-Mariano 
test, these differences are significant at all locations except for Wyndham, Onslow, 
Burnie, Melbourne, Lakes Entrance, Penrhyn and Honiara. Therefore, SOHTF-CLIM is 
expected to provide useful information about the probability of high water levels at most 
locations assessed in this study.

Performing a CORP decomposition of the BS allows us to better understand where 
SOHTF-CLIM’s skill variations are coming from. The miscalibration term is small at 
most locations, indicating that the forecast probabilities are well calibrated (red line in 
Fig.  4a) in that the forecast probability matches the  observed frequency of threshold 
exceedance well. This is better illustrated in reliability diagrams (Fig. 5) with SOHTF-
CLIM’s CORP reliability curve being close to the dashed one-to-one line of perfect reli-
ability. At these locations  where the forecast is well calibrated, variations in the BS 
are associated with the ability of the forecast to discriminate between threshold exceed-
ances and non-exceedances (blue line in Fig.  4a). However, there are a few locations 
where SOHTF-CLIM’s forecast probabilities are not well calibrated, the worst case 

Fig. 5   Example CORP reliability diagrams for SOHTF-CLIM’s forecasts of the probability of exceeding 
the 99th percentile of daily maximum total at a selection of tide gauge locations. The solid black lines show 
SOHTF-CLIM’s CORP reliability curve (the observed frequency of threshold exceedance plotted against 
the forecast probability for threshold exceedance) computed via isotonic regression, with flat regions indi-
cating where the forecasts have no discrimination. The dashed black lines indicate the line of perfect reli-
ability. Gray shading indicates the 95% confidence interval around the reliability curve estimated using 
250 bootstrapped samples. The inset plot shows a discrimination diagram with normalized histograms 
of the forecast probability when the threshold is exceeded (blue) or not (green) in the observations. The 
CORP summary BS, BSS, Miscalibration (MSC), Discrimination (DSC) and constant reference forecast 
BS ( BSref ) are shown within each panel. For Wyndham, the reliability diagram for the calibrated SOHTF-
CLIM forecast (see Sect. 5), is also shown in red and orange
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being Wyndham (black line in Fig. 5a). At Wyndham, SOHTF-CLIM tends to signifi-
cantly over-predict the probability of threshold exceedance. However, the fact that dis-
crimination is still positive at Wyndham (blue line in Fig. 4a), combined with the good 
CRPS skill for daily maximum sea level prediction (e.g. Fig. 3) suggests that a simple 
calibration of the forecast probabilities could improve skill at Wyndham. This possibil-
ity is explored in Sect. 5.

4 � Results: impact of including ACCESS‑S2 (SOHTF‑S2)

We now assess whether including the ACCESS-S2 seasonal sea level anomaly forecasts, 
as a replacement for the monthly-mean residuals captured within the residual distributions 
in SOHTF-CLIM, improves the skill. This is done by computing the CRPSS and BSS of 
SOHTF-S2 relative to SOHTF-CLIM (Fig. 6), which quantify the fractional reduction in 
forecast error in SOHTF-S2 relative to SOHTF-CLIM. We assess these improvements at 
lead months 0, 2, 4 and 6, corresponding to the first, third, fifth and seventh months follow-
ing the ACCESS-S2 forecast initialization date. The skill metrics are computed for daily 
maximum sea level forecasts averaged within the given lead month and across all calendar 
months (for Fig. 6a, b) or as a function of calendar month (for Fig. 6c, d).

Including ACCESS-S2 improves the CRPS of the daily maximum sea level forecast 
in regions where ACCESS-S2 has significant skill in forecasting monthly-mean sea level 
anomalies (see Holmes et al. (2025) for a detailed assessment). Within the first lead month, 
these improvements range between 10% and 23% along the north, north west and west 
coasts of Australia (dark blue line in Fig.  6a). In the tropical Pacific, improvements are 
even larger, reaching 43% at Lombrum. In this first lead month, the skill arises largely from 
the persistence of the monthly-mean sea level anomalies, with a simple damped persis-
tence forecast (as used in Dusek et al. (2022), SOHTF-Damped Persistence, dashed lines 

Fig. 6   a CRPSS of daily maximum sea level predictions and b BSS for threshold exceedance probability of 
99th-percentile daily maximum relative to SOHTF-CLIM averaged over all calendar months for SOHTF-S2 
predictions at lead months 0, 2, 4 and 6. CRPSS of SOHTF-S2 daily maximum sea level predictions as a 
function of calendar month at lead c 0 and d 4 months. Also shown in panels a and b are the scores for a 
version of SOHTF-CLIM that includes only high-frequency submonthly residuals in the residual distribu-
tions, a version with a perfect seasonal prediction (SOHTF-Perfect) where the monthly-mean residual is 
known exactly and for SOHTF-Damped Persistence forecasts at lead months 0, 2, 4 and 6
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in Fig. 6) performing similarly to ACCESS-S2 at most locations. In the locations where 
persistence performs well in the first lead month, the improvements in SOHTF-S2 are a 
large fraction of the (unachievable) skill arising from a forecast where the monthly-mean 
anomalies were known exactly (dark gray line in Fig. 6a). However, along the south and 
east coasts of Australia the benefit of including the seasonal anomaly forecast (even if per-
fect) is much smaller as the seasonally-predictable, low-frequency sea level anomalies (see 
Figs. 1d, e, f) are only a small fraction of the total sea level variability (see Holmes et al. 
(2025) for a more detailed discussion, in particular their Fig. 1).

The improvements in the CRPS for SOHTF-S2 over SOHTF-CLIM are largely main-
tained out to lead month 6, particularly along the north west coast and in the Pacific islands 
(compare solid blue lines of different shading in Fig.  6a). This contrasts with SOHTF-
Damped Persistence, whose skill decays much more rapidly with lead time (compare 
dashed and solid lines of different shading in Fig. 6a). Note there is evidence that SOHTF-
S2’s skill improvements might continue beyond the longest lead time shown in Fig.  6a, 
if ACCESS-S2 forecasts were available at longer lead times. However, we also note that 
when not using ACCESS-S2, including the monthly-mean residuals within the residual dis-
tribution rather than using submonthly residuals only does lead to a small improvement in 
CRPSS particularly in the western Pacific islands (light gray lines in Fig. 6a, b). Therefore, 
when implemented in real-time, predictions made beyond the last lead time available from 
ACCESS-S2 should revert to using the full residual distributions as in SOHTF-CLIM.

Moving on to the threshold exceedance forecasts, the improvements in the BSS of 
SOHTF-S2 over SOHTF-CLIM generally have a similar spatial pattern as for the CRPS, 
but are less pronounced as expected from the focus just on the highest sea levels (Fig. 6b). 
However, skill improvements exceeding 20% along the north west coast (up to 35% at 
Broome) and up to 40% in the tropical Pacific (Funafuti) are still observed, which in some 
cases is a larger improvement than for the CRPS. Throughout all of the south and east 
coasts SOHTF-S2 does not result in any improvement in BSS even in the first lead month, 
despite the improvement in CRPS (compare darkest blue line in Fig. 6a, b).

Finally, we note that the value of including ACCESS-S2 forecasts has a seasonal 
dependence when quantified using CRPS (Fig. 6c,d). At lead month 4 the benefit reduces 
for the months of May-August in Australia, consistent with the spring predictability barrier 
for ENSO prediction (Holmes et al. 2025).

5 � Results: reliability calibration for threshold exceedance probability 
forecasts

As discussed in Sect.  3, SOHTF is well calibrated at most locations but there are some 
exceptions. The worst case is Wyndham, where the forecast probabilities are significantly 
over-predicted (black lines in Fig. 5a). At Wyndham, the tide prediction over-predicts many 
of the highest high tides. This is illustrated in Fig.  7, where there is a distinct negative 
anomaly in the non-tidal residual at the times of the peak daily high tide over an example 4 
day period. This over prediction arises because the Wyndham tide gauge is located within 
a complex estuary with narrow passages, shallow topography and strong riverine flows. 
Harmonic tide predictions at this location struggle to capture the associated non-linear 
residual-tide interactions (Speer and Aubrey 1985; Parker 2007). It is of note that this over-
prediction is not corrected by the simple tidal decile dependence included in the residual 
statistics computation (e.g. Fig.  2c). This is because the highest high tides that result in 
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threshold exceedence occur only within the top fraction of the top tidal decile (denoted by 
the gray dashed line in Fig. 7).

To address this issue, we used isotonic regression to calibrate the forecast probabilities. 
The calibration uses the reliability curve (e.g. Fig. 5a) computed within the given training 
period (i.e. all but one year of the hindcast in the cross-validation process) as a rescaling to 
adjust the forecast probabilities such that the observed frequency of threshold exceedances 
matches the forecast probabilities within this training period. The scaling is then applied to 
the probability predictions in the prediction period (the left out year in the cross-validation 
process).

When computed and tested using cross-validation, the calibration strongly improves 
the reliability of the forecast probabilities at Wyndham, as expected (compare black and 
orange reliability curves in Fig.  5). The miscalibration is largely removed and the BSS 
becomes positive and significant (compare orange and green lines in Figs.  8a,b). While 
the biggest improvement is at Wyndham, the calibration also improves the BSS at Darwin, 
Onslow, Burnie, Gladstone, Mackay, Nukualofa and Honiara. Like Wyndham, some of 
these locations are also characterized by shallow, complex topography and tidal dynamics. 
In most locations both within and outside this set, there is little change in discrimination 
(Fig. 8c). This may be because isotonic regression ensures that the calibration scaling does 
not negatively impact discrimination if tested within the training period (as opposed to a 
more ad-hoc binning method). However, in some locations, such as Sydney and Honiara 
for example, the improvement in calibration is partially or completely compensated by a 
decrease in discrimination, resulting in little change in the BSS. Note that this calibration 
step can only be applied to improve the threshold exceedance forecasts, not the total sea 
level forecasts.

Fig. 7   Hourly observed sea level (black in panel a), SOHTF-CLIM predicted mean sea level (blue in panel 
a), 99th percentile of daily maximum threshold (red dashed in a) and observed non-tidal residual (panel b) 
at the Wyndham tide gauge for four days between the 9th of January 2001 and the 12th of January 2001. 
Gray shading highlights the daily high high tide times, where there is a distinct negative anomaly in the 
non-tidal residual. The gray dashed line in panel a denotes the lower bound of the top tidal decile at Wynd-
ham
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6 � Skill dependence on threshold

The skill assessments provided above have used the 99th percentile of the daily maximum 
total sea level for the threshold exceedance forecasts. However, the choice of relevant 
threshold is highly application and user dependent. Our intention is to provide a flexible 
system that can be used with a range of thresholds chosen based on the specific needs of 
the user. In this section we explore the sensitivity of the forecast skill to the threshold in 
both SOHTF-CLIM and SOHTF-S2.

As expected, the BSS of SOHTF-CLIM relative to the best constant reference fore-
cast decays for rarer, more extreme events, as these events are driven by extreme storm 
surges associated with chaotic, weather-driven variability that is not predictable at sea-
sonal time scales (Fig. 9b, consistent with Dusek et al. 2022). While skill is significant 
at all stations for the 95th percentile thresholds and at most stations for the 99th percen-
tile (as assessed earlier), skill is only significant for parts of the north west coast and 
most of the east coast at the 99.5th percentile (corresponding to flooding that occurs 1.8 
days a year on average). At the 99.9th percentile, corresponding to an event occurring 
on average once every three years, SOHTF-CLIM has no skill at any location.

Fig. 8   a BSS (relative to the best constant reference forecast) and CORP, b miscalibration and c discrimina-
tion terms for SOHTF-S2 forecasts (at lead month 2) of the probability of exceeding the 99th percentile of 
daily maximum sea level at each tide gauge location computed using cross-validation across the hindcast 
period. The orange lines do not include reliability calibration while the green lines do. Dots in panel a indi-
cate that the BSS (relative to the best constant reference forecast) is statistically significant according to the 
Diebold-Mariano test ( p = 0.05)
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SOHTF-CLIM’s skill for impact-based minor flooding thresholds, available for a 
subset of Australian locations from Hague et  al. (2022), depends on the relative fre-
quency at which they are exceeded (compare impact-based with frequency-based 
threshold heights in Fig. 9a). Encouragingly, SOHTF has skill for most of the locations 
with well-defined impact-based minor flooding thresholds, which are mainly along 
the east coast where these thresholds are exceeded relatively frequently. Note that we 
have not included locations with “poor-quality” impact-based minor flooding thresh-
olds (listed with superscript ‘a’ in Table 2 of Hague et al. (2022)), which were defined 
based on less than 10 flooding event reports.

We have also assessed the skill of SOHTF in predicting occurrence probabilities 
for low-water events (left of solid vertical line in Fig.  9). Overall, the skill for low-
water events is similar to high-water events for an equivalent event frequency. How-
ever, there are some locations where the skill differs significantly. For example, at Bal-
lina and at a few of the Pacific islands (e.g. Funafuti), low-water events are much less 
predictable using SOHTF-CLIM than high-water extremes. In the Pacific islands, skill 
for low-water events is largely recovered in SOHTF-S2 (Fig. 9c) further highlighting 
the important role of seasonal variability at these locations (but not at Ballina, where 
the seasonally predictable low-frequency signal is negligible, see Figs. 1e, f and Hol-
mes et al. 2025). At some locations, such as Hobart, Burnie and Wyndham, the skill 
for low-water events is higher than for high-water events. These differences may be 
associated with non-linearities in the tidal dynamics. For example, the complex tidal 

Fig. 9   a Threshold height and BSS relative to the best constant reference forecast for (b) SOHTF-CLIM 
and (c) SOHTF-S2 at lead month 2. The threshold heights in panel a are plotted relative to Mean Higher 
High Water (MHHW, the mean of the daily maximum tide over the hindcast period) for percentiles above 
50 and relative to Mean Lower Low Water (MLLW, the mean of the daily minimum tide over the hindcast 
period) for percentiles below 50. We consider frequency-based thresholds based on 0.5, 1 and 5-th percen-
tiles for daily minimum sea level, and the 95, 99 (as used earlier in the article), 99.5 and 99.9-th percentiles 
for daily maximum sea level. The last column shows the BSS for exceedance forecasts of the impact-based 
minor flooding thresholds from Hague et al. (2022) where they are available. Black crosses indicate scores 
that are not statistically better than the best constant reference forecast according to the Diebold-Mariano 
test ( p = 0.05 ). Note that these forecasts are not calibrated
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dynamics at Wyndham responsible for the lack of skill for high-water events (with-
out the calibration discussed in Sect. 5) does not affect the predictability of low-water 
events, which are well predicted. More work is needed to better understand the dynam-
ics driving low-water extremes and how they differ from high-water extremes.

7 � Summary and discussion

In this study we have developed and assessed the performance of a probabilistic seasonal 
forecast system for coastal sea level at tide gauges around the Australian coast and in the 
western Pacific islands, the Seasonal Outlooks for High Tide Flooding (SOHTF) system. 
SOHTF is a blended system that combines deterministic tide predictions, sea level rise pro-
jections, probabilistic representations of residual variability and dynamical seasonal sea 
level anomaly ensemble forecasts from ACCESS-S2 (see Section 2). It provides probabil-
istic forecasts of total sea level and threshold exceedance probability at daily time scales 
from 1 to 8 months lead time (SOHTF-S2) and beyond (SOHTF-CLIM).

We first showed that including climatological distributions of the non-tidal residual 
variability on top of a tide-only forecast can reduce the forecast error for daily maximum 
sea level, as measured by the CRPS, by about 30% at all locations (Figs. 3, 10a). This con-
stitutes a simple method for improving tide predictions, and yields improvements that are 
comparable or better than what can be achieved by optimising the tide prediction itself (e.g. 
Richet et al. 2024). SOHTF-CLIM produces a probabilistic forecast for daily maximum sea 
level that performs best for locations with large tidal ranges and weak residual variability 
(Figs. 3a, 1, 10b). These results suggests that probabilistic tide forecasts that account for 
the climatological magnitude of non-tidal residual variability should be explored further as 
a tool for improving tide predictions in general.

We then demonstrated that SOHTF is skilful in predicting the probability of exceed-
ing the 99th percentile of daily maximum total water level, representative of high-tide 

Fig. 10   CRPSS relative to (a, d) tide-only and (b, e) climatological forecasts and (c,f) BSS relative to the 
best constant reference forecast. Panels a–c are for SOHTF-CLIM, while panels d-f are for SOHTF-S2 at 
lead month 2, and all include the reliability calibration from Section 5. Blue dots (in all panels) indicate 
locations where the skill is not significant (at the p = 0.05 level according to the Diebold-Mariano test) 
compared to the given reference forecast
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flooding frequencies, at most locations (Figs. 4, 10c). We showed that including seasonal 
anomaly forecasts from ACCESS-S2 (SOHTF-S2) led to improvements of between 10% 
and 23% in CRPS and up to 35% BS for daily maximum sea level (but generally much 
less) on the north and west coasts of Australia (Sect. 4, Fig. 6, also compare the first and 
second rows of Fig. 10). However, this approach resulted in negligible improvements on 
the south and east coasts, and any skill improvements decreased with lead time. Even 
larger improvements were seen in the western Pacific islands. We also showed that 
including a simple calibration step, based on the reliability curve of hindcast probabili-
ties, can improve the forecast skill at locations with complex, non-linear tidal dynamics 
such as Wyndham (Section 5, Fig. 8). When all improvements are applied, the CRPSS 
of SOHTF relative to a climatological forecast generally ranges between values of 0.2 
along the south coast of Australia (reaching as low as 0.04 in Melbourne due to the 
small tidal variability and dominance of unpredicatable weather-driven dynamics) to 0.8 
and above in the north-west, north-east and western Pacific islands out to a lead time of 
3 months (Fig. 10e). The BSS for 99th percentile daily maximum threshold exceedance 
at this lead time is significant at all 46 locations except for Melbourne, Lakes Entrance 
and Penrhyn. It reaches values above 0.25 at many sites on the north west and north east 
coasts (Fig. 10f). Finally, we also showed that SOHTF’s skill is sensitive to the choice 
of threshold with skill decaying for higher thresholds that are exceeded less frequently 
(Fig.  9). Encouragingly, SOHTF has skill for impact-based minor flooding threshold 
exceedance at most of the locations where these thresholds are defined.

The implementation of SOHTF in a real-time setting is currently under develop-
ment and will require several additional considerations beyond those presented here. 
These include the treatment of sea level trends (see Appendix A) including the role of 
vertical land motion (ignored here), the use of ACCESS-S2’s real-time forecast system 
(which includes 99 ensemble members and more start dates than the hindcast system 
assessed here; see Wedd et al. (2022)) and the updating of statistical distributions and 
tidal epochs when new data becomes available. These considerations will be described 
in a future publication.

SOHTF has a number of potential applications for user groups ranging from local coun-
cils, meteorological agencies and emergency services to coastal ecosystem managers and 
the general public. To meet the needs of this diverse group of potential users, a number 
of forecast products are under development. These range from simplified tide-table type 
calendar visualizations for the upcoming year (as discussed by Dusek et al. (2022)), maps 
highlighting which locations are at most risk of flooding for any particular future day (not 
shown), to dynamic site-based time series products (e.g. Fig. 11). Other products beyond 
the daily time-scale could also be considered, such as seasonal outlooks that aggregate risk 
of threshold exceedance by month or season.

SOHTF is flexible in terms of the threshold chosen and can be tailored to ensure 
that the forecasts are both skillful and relevant to the user (Fig. 9). However, the devel-
opment of meaningful, impact-based or user-focused thresholds is in itself an impor-
tant, under-appreciated topic (e.g. Sweet 2018; Hague et  al. 2022; Rasmussen et  al. 
2022; Mahmoudi et  al. 2024). Furthermore, as noted by Dusek et  al. (2022), as sea 
levels rise in the future the predictability of high-water events for a fixed threshold are 
expected to improve. Flooding will increasingly arise solely due to predictable factors 
such as the tides and seasonal anomalies (Hague et al. 2023; Hague and Talke 2024). 
Sea level rise has already occurred, suggesting that our skill estimates for 99th percen-
tile thresholds averaged over the entire hindcast period correspond to a lower bound 
on the current real-time skill of SOHTF for those same thresholds. SOHTF is skillful 
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for events that occur a couple of times per year on average, a frequency often used as 
an adaptation trigger under an “accommodate” adaptation pathway (e.g. Barnett et al. 
2014; Buchanan et al. 2019; Ayşın Dedekorkut-Howes et al. 2021). If such a pathway 
is chosen, SOHTF could help identify whether, when and where temporary measures 
to accommodate flood hazards may be needed in a forthcoming season. With this aim, 
the products developed from SOHTF will be used in conjunction with gridded sea-
sonal forecast information from ACCESS-S2 alone (Holmes et  al. 2025) to form an 
operational service to inform decision making and improve community resilience to 
coastal flooding hazards.

There are a number of potential extensions to SOHTF that could be explored in 
future work. Firstly, the assumption of normality in the residual distributions could 
be relaxed, with the possibility of using either the empirical historical distribution 
or skew-normal or other parameteric distributions that may better characterize the 
extremes to improve forecast skill. Secondly, most users are interested in the forecast 
for their location, rather than at a tide gauge that may be far away. The relevance of a 
forecast at a tide gauge for nearby flooding impacts depends on the local topography, 
and again highlights the need for the development of relevant thresholds that translate 
the water level observed at a tide gauge to the impacts felt in nearby locations. A grid-
ded version SOHTF, based on gridded tide predictions and residual distributions com-
puted from high-resolution coastal hindcast simulations (e.g. Rose et al. 2024; Oper-
ational Oceanographic  Products et  al. 2025), could provide more useful predictions 
to a greater range of stakeholders, if found to be skillful. Thirdly, the development 
of seamless forecasts which blend SOHTF with subseasonal forecasts (available from 
ACCESS-S2 for lead weeks 0-5) and/or days 0-6 storm surge forecasts (e.g. Taylor and 

Fig. 11   An example time series product for a SOHTF forecast (trained on statistics over the full 1982–2018 
hindcast period) for daily maximum sea level (top panel) and probability of exceeding the threshold of 
2.06m above tide gauge zero (bottom panel) for the Carnarvon tide gauge in Western Australia made at the 
end of 2011 for the first six months of 2012. The top panel shows observations (black), the tide (+ trend) 
prediction and climatological 95% residual range (green) in the past, as well as the forecast mean and 95% 
range for the future (blue line and shading). This forecast includes ACCESS-S2 which, due to the ongoing 
and forecast 2011–2012 La Nina event, predicts higher than normal sea level anomalies accounting for the 
jump between the tide prediction (green) and the forecast mean (blue) at the end of December 2011. The 
bottom panel shows the forecast probability of exceeding the threshold (red dashed line in the top panel, 
which can be chosen dynamically be the user) with high risk periods above 5% highlighted in yellow
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Brassington 2017) using statistical techniques would provide users with information 
across time-scales to enable continuous decision making (also see Neal et  al. 2018). 
Finally, SOHTF could be applied in a future projections context to understand interac-
tions between seasonal, tidal, residual and relative sea level rise components of sea 
level variability and their impacts on future flood risk.

Appendix A: Additional improvements explored

Here we list additional factors that we considered in this study but which did not lead to 
any significant improvements in SOHTF’s forecast skill. 

1.	 Using ACCESS-S2’s prediction for the submonthly variance of sea level (using avail-
able daily forecast data) as an alternative to using climatological non-tidal residual 
distributions. However, a preliminary skill analysis revealed that ACCESS-S2 has little 
skill in predicting variations in the submonthly (daily) variance of sea level beyond the 
climatology.

2.	 Not including the annual and semi-annual constituents Sa and Ssa in the tide prediction, 
and thus capturing the seasonal cycle implicitly in the non-tidal residual distribution 
means. This would correspond to a climatological (rather than sinusoidal) seasonal 
cycle, and was advocated for by Stephens et al. (2014) based on arguing that Sa and Ssa 
are difficult to predict ahead of time. This was tested within the cross-validation hindcast 
set and found to have little impact on forecast skill except in the Gulf of Carpentaria (the 
Weipa and Booby Island gauges), where the seasonal cycle is particularly strong. At 
these locations the skill was slightly worse when relying on the climatological seasonal 
cycle, and thus Sa and Ssa were retained in the tidal prediction (see Richet et al. (2024) 
for a detailed study of the sensitivity to various tidal prediction configurations).

3.	 Using a variance inflation calibration step to correct for biases in ACCESS-S2’s repre-
sentation of the magnitude of monthly mean sea level variability. These biases include 
a slight underestimate of variability on the north and north west coasts, and an overesti-
mate of variability along the south coast (see Holmes et al. (2025)). To correct for these 
biases, we scaled the magnitude of the ACCESS-S2 sea level anomalies so that their 
amplitude matched the observed variability. However, when assessed using the cross-
validated hindcast set, the relative improvement in CRPS and BS under the calibration 
was weak ( < 7% at most stations) and not consistently positive. Therefore, we choose 
not to use this calibration option.

4.	 Using a multi-linear regression approach to account for the impact of climate vari-
ability on local sea level rise rates. The deterministic relative sea level rise component 
used here is a simple quadratic (for the ANCHORS gauges) or linear (for the western 
Pacific island gauges) regression over the hindcast period. However, when computed 
over relatively short periods (i.e. particularly for the western Pacific island gauges with 
the shorter 1993–2018 hindcast period) these trends can be impacted by climate vari-
ability. For example, the transition from a positive to a negative phase of the Interdecadal 
Pacific Oscillation before and after the turn of the century is known to have masked the 
background accelerating sea level rise in many regions of the western Pacific and along 
the northern coast of Australia (Wang et al. 2021). In a real-time prediction system, 
projecting forward the trend computed over a period spanning this transition could lead 
to an underestimation of the rate of sea level rise in the future if the IPO reverses sign. 
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To address this issue, we considered computing the trend using a multi-linear regression 
that includes the Niño 3.4 index and the tripole index for the IPO (Henley et al. 2015) as 
additional predictors (following Wang et al. 2021), in order to remove their impact on the 
trend. When tested over the 2019–2022 period (appropriate for a real-time application) 
the results of this approach were mixed, with an apparent strong dependence on the fact 
that this period is La Niña dominated. Therefore, we choose not to present these results 
here, but this option could be explored further when applying this forecast system in a 
real-time operational setting.

5.	 Accounting for the observed past modulation of the high-frequency residual standard 
deviation by ENSO, along with ACCESS-S2’s ENSO predictions, as an attempt to 
account for the impact of ENSO on storminess. This was evaluated by computing the 
residual standard deviation at each tide gauge separately for quintiles of the Niño 3.4 
index, with the intention of then altering the residual standard deviation in the predic-
tion system according to this relationship and ACCESS-S2’s prediction of the Niño 3.4 
index. However, we found that the relationship between the high-frequency residual 
standard deviation and the Niño 3.4 index was relatively weak (less than 10% at most 
locations) and inconsistent across locations. A similar calculation for the Southern 
Annular Mode illustrated some connection to sea level variability along the south Aus-
tralian coast, but in this case seasonal predictability of SAM is quite weak (also see 
Holmes et al. (2025)). Therefore, we choose not to further pursue this option in this 
study.
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