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1. INTRODUCTION
1.1. Purpose
The purpose of this document is to assess the predictability of the wave seasonal
forecast in the region around the bimep test site due the potential added value of
an operational seasonal forecast as a climate service for marine operations in
this experimental area. It will establish its potential usefulness validating a
historical hindcast to provide an indication of the expectable quality of the
predictions.
The information provided in this document forms the basis for the development
of a seasonal forecast at a larger operational stage. The present document has
been elaborated considering the more recent advances in forecasting climate
variability at seasonal scale and verification metrics to evaluate the skill of the
seasonal probabilistic predictions.

1.2. Scope
The scope of this document is to provide an introduction to seasonal forecasting
and a general overview of the state-of-the-art in this field, a description of the
methodological framework followed to generate wave seasonal predictions in
bimep site and the verification of the forecast quality in bimep region.
The present document summarizes the distinctive features of the seasonal
forecast, the experimental development to produce wave seasonal forecast and
the expected skill of these predictions in bimep site.

1.3. Clarifications
All request for clarifications regarding this document are to be submitted to
bimep or IHCantabria:
BiMEP S. A.
Edificio Plaza Bizkaia

Environmental
Hydraulics
Institute, Universidad de Cantabria

Alameda Urquijo 36, 1ªPlanta

Avda. Isabel Torres, 15

48011 Bilbao, Bizkaia

Parque Científico
Cantabria

Spain
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y

Tecnológico

de
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Tel. +34 944 035 600

39011 Santander, Cantabria

Fax. +34 944 035 699

Spain

bimep@bimep.com

Tel. +34 201 616
Fax. +34 942 266 361
energy@ihcantabria.com
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2. SEASONAL FORECAST
2.1. Introduction
Seasonal forecast provide information on the average seasonal weather
conditions which can be expected from a few months up to one year in advance.
Seasonal forecast do not aim to predict the timing of a particular weather event
with any accuracy (e.g., which significant wave height is going to be in
Santander on February 3rd). It is only possible to predict deviations from the
mean seasonal climatology some months in advance because the daily
predictions beyond two weeks are limited by the non-linear character of the
atmosphere dynamics (due to the strong sensitivity to the initial conditions of the
processes involved). The predictions are expressed as departures from normal
seasonal average (e.g., significant wave height above-, near- or below- normal if
tercile-based categories are used).
Predictability at this longer time-scale is mainly due to the slowly varying
components of the global climate system, especially sea surface temperature
(SST), which can influence the weather at some regions. The Niño-Southern
Oscillation (ENSO) is the main process that contributes to the forecast quality on
seasonal time scale, leading to climatic anomalies in remote regions of the globe
(atmospheric teleconnections, Doblas-Reyes et al., 2013).
Both statistical-empirical and dynamical methods are used to generate seasonal
predictions, mixed methodologies are also employed because statistical
postprocessing of the dynamical predictions is required by the users.
2.1.1. Empirical Seasonal Forecasting
Until the recent development (during end of the 1990s) of the atmosphere-ocean
coupled models in operational used, the seasonal forecast were based on
statistical-empirical methods which relates the observed seasonal anomalies of
the variable of interest (e.g., precipitation) with observed lagged SST anomalies
(based on atmospheric teleconnections), usually by means of multivariate linear
regression methods.
2.1.2. Dynamical Seasonal Forecasting
Global Climate Models (GCMs) solve complicated equations that describe the
processes that occur in the different components of the global climate system
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(e.g. the atmosphere and the oceans) and their interactions. The threedimensional space is discretized in grid boxes with a typical horizontal resolution
of about hundreds of kilometres. Simplifying assumptions must be adopted using
parametrizations for modelling some processes at spatial scales smaller than the
grid box size, which are different from model to model.
Seasonal forecasting presents some particularities: 1) GCMs are initialized a few
times per month and run forward in time from six months to one year. Several
terms are used: initialization time (moment in which the model is initialized) and
lead-time (the time passed from the initialization moment to the beginning of the
target season to be predicted). 2) Seasonal forecast predictions are intrinsically
probabilistic. An ensemble of simulations is generated by using a set of slightly
different initial conditions which provides forecast with different atmospheric
trajectories compatible with the underlying slow variables. Figure 1 shows the
scheme of the probabilistic seasonal forecast with the terminology: initialization
time, lead-time, target season, ensemble of simulations.
The current numerical models for seasonal forecasting are not globally reliable.
For each variable of interest and season of the year, their usefulness is limited to
certain regions of the world, mainly the tropics.
A tercile-based probabilistic approach is used for the verification of the prediction
quality in this work. Interannual series of seasonal prediction of the variable of
interest are classified into three categories (above-, near- or below-normal),
according to its respective climatological terciles. The lower tercile is the value
below which the outcome occurs in 1 out of 3 cases in the model climate, and the
upper tercile is the value which is exceeded in 1 out of 3 cases. The probabilistic
forecast is computed year by year by considering the number of members falling
within each category.
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Figure 1. Probabilistic Seasonal Forecast obtained from different initial conditions. The
scheme illustrates the terms: Initialization time, Leadtime, Target Season, Ensemble of
simulations.

2.2. Verification
databases

of

probabilistic

forecast.

Retrospective

Forecast quality is fundamental to the prediction problem because a prediction
has no value without an estimate of its quality based on past performance
(Doblas-Reyes et al., 2013). Seasonal GCMs are typically run in retrospective
mode for historical periods of decades as if they had been operational during that
time. These retrospective forecast, referred as hindcast, should cover a period
long enough to assure statistically significant results.
Besides the uncertainty of initial conditions, the different parametrizations among
the GCMs introduce an additional uncertainty due to a distinct representation of
the physical process. In order to quantify this model formulation uncertainty,
different GCMs are combined in multimodel ensembles. Multimodels generally
produce more skillful forecasts due to a reduction of the ensemble error mean
and a reduction of overconfidence because the ensemble spread is widened
(Palmer et al., 2004, Wang et al., 2009).
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The seasonal forecast from state-of-the-art forecasting systems are: 1) NCEPCFSv2 (Saha et al., 2011). The 28‐year (1982–2009) ensemble retrospective
forecast data set from CFSv2 with 24 members; 2) ECMWF-System4 (Molteni et
al., 2011). Two seasonal datasets with 15 and 51 members, respectively, with
monthly initializations in the first case, and four initialization per year in the
latter (1st of Nov, Feb, May and Aug); 3) UKMO-GloSea5 (Scaife et al., 2014).
Two datasets with 12 and 24 members, with four initializations per year in the
first case and a single initialization (November, to focus on Boreal winter) in the
latter; 4) The ENSEMBLES Multimodel Seasonal Hindcast (Weisheimer et al.,
2009). The longest-to-date and most comprehensive multimodel seasonal
hindcast. It comprises five global atmosphere-ocean coupled models, run an
ensemble of nine initial conditions four times a year within the period 1960-2005.
5) North American Multimodel Ensemble (NMME) (Kirtman et al., 2014).
Forecast quality can be evaluated by estimating the accuracy, skill and reliability
of a set of hindcasts (Jolliffe and Stephenson, 2003). Accuracy refers to the
precision with which the forecast system tends to match the observed changes
that it is trying to predict, while the skill is the relative accuracy of the forecast
over some reference prediction (e.g., climatology or persistence). Reliability,
instead, measures how well the forecast probability distribution matches the
observed relative frequency of the forecast event, i.e., a forecast system will be
reliable if predictions of a 80% probability of a dry season correspond to
observed dry seasons 80% of the time.

2.3. Regionalization
The low spatial resolution of these models is insufficient for most practical
applications so their raw outputs cannot be directly used as prediction tool for
resource management and planning decisions. A postprocess is needed to
translate the coarse global seasonal forecast to the useful local-scale
(downscaling). In the case of marine conditions, the downscaling must be
performed to infer local wave conditions from seasonal atmospheric predictions
because these physical process and variables are not simulated by the seasonal
forecast systems.
The problem of downscaling is addressed by applying two complementary
methodologies. On one hand, the dynamical downscaling increases the spatial
resolution of global models by means of nesting regional models in the area of
interest (e.g., Europe). In the case of wave climate, the atmospheric fields at
global scale define the boundary conditions of the global wave generation model.
Regarding the dynamical process to transfer wave climate from deep water to

8

SEASONAL WAVE FORECAST FOR BIMEP

shallow water, a wave propagation model at local scale is nested to the wave
boundary conditions from the wave generation model, simulating the wave
transformation processes due to its interaction with the bathymetry. The
dynamical downscaling is the best solution in reproducing waves in shallow
water, however, requires enormous computational effort and is affected by
systematic biases, being necessary to apply some post-process (bias-correction
methods) to the model output
The statistical downscaling is based on empirical models that link meteorological
variables from the global models to local variables related to the atmospheric
phenomenon. These models are defined using historical data, therefore, they
assume stationary relations between global and local variables. The main
advantage of the statistical downscaling approach over dynamical downscaling is
that they required less computational effort than using numerical models.

2.4. Operational Seasonal Forecast
Providing operational long-range forecasts (from one month up to two years
ahead) on a global scale requires huge amounts of computer resources along
with a very specialized knowledge. For this reason, there are only a few centres
around the world that are producing these forecasts.
In 2006, the World Meteorological Organization (WMO) began a process to
designate centres making global seasonal forecasts as WMO Global Producing
Centres for Long-Range Forecasts (GPCLRFs). This forms an integral part of the
WMO Global Data-Processing and Forecasting System (GDPFS).
Through this designation process, GPCLRFs adhere to certain well-defined
standards, aiding the consistency and usability of: 1) fixed forecast production
cycles; 2) standard sets of forecast products; 3) WMO-defined verification
standards (for retrospective forecasts).
At minimum, the following are required from GPCLRFs:
1) Predictions for averages, accumulations, or frequencies over 1-month
periods or longer (typically anomalies in 3-month-averaged quantities is
the standard format for seasonal forecasts, and forecasts are usually
expressed probabilistically).
2) Lead time: between 0 and 4 months.
3) Issue frequency: monthly or at least quarterly.
4) Delivery: graphical images on GPCLRF website and/or digital data for
download.
5) Variables: 2m temperature, precipitation, Sea Surface Temperature (SST),
Mean Sea-Level Pressure (MSLP), 500hPa height, 850hPa temperature.
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6) Long-term forecast skill assessments, using measures defined by the
SVSLRF.

Figure 2. WMO Global Producing Centres for Long-Range Forecasts.

WMO has officially designated 13 GPCLRFs (see Figure 2):
1) Beijing: China Meteorological Administration (CMA) / Bejing Climate
Center (BCC)
2) Center for Weather Forecasts and Climate Studies (CPTEC) / National
Institute for Space Research (INPE), Brazil
3) European Centre for Medium-Range Weather Forecasts (ECMWF)
4) Exeter: Met Office, United Kingdom
5) Melbourne: Bureau of Meteorology (BOM), Australia
6) Montreal: Meteorological Service of Canada (MSC)
7) Moscow: Hydrometeorological Centre of Russia
8) Offenbach: Deutscher Wetterdienst (DWD)
9) Pretoria: South African Weather Services (SAWS)
10)
Seoul: Korea Meteorological Administration (KMA)
11)
Tokyo: Japan Meteorological Agency (JMA) / Tokyo Climate Centre
(TCC)
12)
Toulouse: Météo-France
13)
Washington: Climate Prediction Center (CPC) / National Oceanic and
Atmospheric Administration (NOAA), United States of America
Other Major Centres Providing Global Seasonal Forecasts:
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-

International Research Institute for Climate and Society (IRI), USA
Asia-Pacific Economic Cooperation (APEC) Climate Center (APCC), Republic
of Korea

Seasonal forecasts are commonly visualized on maps that show the likelihood of
rainfall being below-normal, normal, or above-normal for the coming seasons.
Figure 3 shows the ECMWF probabilistic forecast of precipitation for JanuaryFebruary-March (JFM) 2018, issued in December 2017. This tercile summary plot
shows in a single figure the areas which have an increased probability of being
either below the lower tercile or above the upper tercile.
The terciles of the model climate distribution at the specified lead time are
determined from the re-forecasts (in the case of the ECMWF SEAS5 System, 25
member ensemble for 24 years).
The fraction of ensemble forecast members which exceed the upper tercile of the
model climate distribution is calculated from the forecast. If there is no particular
"forcing" acting on the system, then the proportion of forecast members
exceeding the upper tercile will be about 1/3, and indeed this is often the case.
However, if there is something in the climate system that "pushes" the forecast
in a particular direction, then the predicted probability can be very different from
1/3, and these situations are typically of particular interest. For this reason, only
probabilities of being either below the lower tercile or above the upper tercile
equal and higher than 40-50% are represented.
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Figure 3. ECMWF probabilistic forecast of precipitation for January-February-March (JFM)
2018, issued in December 2017.
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2.5. State-of- the-Art of the seasonal wave forecast
To the best of our knowledge, there are no operational seasonal forecast systems
that provide marine predictions (waves, storm surge or currents). Two studies
investigate seasonal prediction skill of the significant wave height in the West
Pacific and Indian Oceans applying a dynamical downscaling: Lopez and Kirtman
(2016) and Shukla and Kinter (2016). The assessment of the forecast quality is
the first step to establish its potential usefulness for the development of a
forecast system to assist in decision making processes.
Wintertime mean wind and wave conditions in the North Atlantic sector are
known to be statistically associated with largescale atmospheric circulation
patterns such as the North Atlantic Oscillation (NAO), as well as the East Atlantic
and Scandinavian patterns (EA, SCAND). In the context of seasonal forecasting,
skill in predicting these circulation patterns should consequently translate into
skill in predicting wind speed and wave heights in this region. However, the
seasonal predictability of the winter climate in the Northern Hemisphere
extratropics is generally assumed to be low. Seasonal forecasts based on fully
coupled numerical general circulation models are known to perform poorly for
this purpose (Doblas-Reyes et al., 2013), and the skill of statistical forecasting
approaches relying on ‘classical’ predictors such as sea surface temperatures
(SSTs) or tropical volcanic activity is moderate only. For the specific case of
predicting ocean wave heights in the North Sea, North Atlantic SSTs in May
(Rodwell et al 1999, Rodwell and Folland, 2002) have been used in a recent
study (Colman et al., 2011). As an alternative to the above mentioned classical
predictors, October Eurasian snow cover increase was recently found to highly
correlate with the DJF mean Arctic Oscillation (AO) over the short period
1997/98–2010/11 (Cohen and Jones, 2011), which is imposed by the availability
of daily satellite-sensed snow cover data. Based on this hypothesis, Brands
(2016) proposes a statistical technique for forecasting DJF mean wind and wave
conditions in the North Atlantic from Eurasian snow cover increase in October.

3. MOTIVATION OF THE EXPERIMENTAL WORK
The Biscay Marine Energy Platform (bimep), located in the Basque Country near
the city of Bilbao, is an open-sea facility to support research, technical testing
and demonstration of pre-commercial prototype full-scale floating Marine
Renewable Energy Devices (MRED). BiMEP provides manufacturers of such
devices with ready-to-use facilities to validate their designs and to test their
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technical and economic feasibility. A number of MRED developers have expressed
interest in using bimep and deployment of the first device began in 2016.
Seasonal predictions have the potential to be a great value to decision making,
where outcomes are strongly influenced by variations in the climate. In this
context, BiMEP facility provides an opportunity to develop new and improved
methodologies that exploit the current and emerging prediction capabilities in
climate science.
In order to improve the usability of the seasonal forecast in practical
applications, the main objective of this work is to lay the groundwork to develop
a prototype end-to-end climate prediction service operating on a seasonal
timescale for decision making in the offshore renewable market.
On one hand, only thirteen centres around the world produce seasonal forecast
on a global scale due to the very specialized knowledge and huge amounts of
computer resources required. Due to the time scales considered, only the
atmospheric and oceanic components of the climate system are relevant and,
then, current seasonal forecast systems only are focused in providing
atmospheric (wind, sea level pressure, precipitation) and ocean (sea surface
temperature) dynamics, so any of these operational systems generates seasonal
marine predictions (waves, storm surge or currents).
On the other hand, the current numerical models for seasonal forecasting are not
globally reliable, depending on the region, season or variable, being their
usefulness limited to certain regions of the world, mainly the tropics. Its quality
is estimated based on past performance using retrospective forecast databases
(historical hindcast or re-focast). Only two studies analyse the seasonal
prediction skill of the significant wave height in the West Pacific and Indian
Oceans applying a dynamical downscaling: Lopez and Kirtman (2016) and Shukla
and Kinter (2016).
Due to the state of development of the seasonal forecast of marine dynamics,
before carrying out a seasonal forecast at a larger operational stage, the first
step is to establish its potential usefulness validating the historical hindcast to
provide an indication of the expectable quality of the predictions (Bedia et al.,
2017). Therefore, the objective of this experimental work is to analyse the
predictability of the wave seasonal forecast in bimep site region (North Atlantic
Ocean) using a retrospective database to verify the forecast quality.
The experimental character of this analysis requires: 1) the development of a
downscaling methodology to generate the wave seasonal forecast from the
atmospheric predictions; 2) to establish a verification framework to provide an
overall evaluation of the forecast quality.
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Regarding the downscaling methodology, taking into account IHCantabria
experience in statistical downscaling to project waves for obtaining global
projections and the advantages of this method compared to dynamical
downscaling, which are that requires less computational effort and does not
require a post-correction, a statistical downscaling approach is adopted. The
application of the statistical downscaling method at a seasonal scale needs to be
reviewed and adapted to this time scale.
The global wave field is found to be dominated by swell (Semedo et al., 2011).
Besides, swells are generated remotely and are not directly coupled to the local
wind field, therefore, the statistical relationship is established between predictors
over a large spatial domain from global model simulations and the local target
waves, which provides an opportunity to analyse if seasonal forecast skill
improves as a result of aggregating predictability of distant areas. The analysis of
the forecast quality of the wave seasonal forecast in winter in the North Atlantic
Ocean would inform about if there is an improvement with respect to the
atmospheric predictor (sea level pressure fields in this case).
The section 4 introduces the data required for the generation and the verification
of the forecast quality of the wave seasonal predictions. The methodology
framework based on a statistical downscaling approach is described in section 5.
The results obtained are presented and discussed through section 6. The most
important conclusions are given in section 7.

4. DATABASES
Historical information of predictor (sea level pressure) and predictand (waves) is
required to calibrate the statistical downscaling model. Besides, a retrospective
forecast dataset is also needed to verify the performance of the seasonal forecast
of JFM wave heights. The historical wave database is also used to verify the
forecast quality of the downscaled wave heights. The relationship between the
NAO Index and the winter wave conditions is analysed because represents major
climatic features in this region.

4.1. Historical Data
4.1.1. Historical Atmospheric Data
The global sea level pressure (SLP) fields of the Climate Forecast System
Reanalysis (CFSR and CFSRv2, Saha et al., 2014) are used to define the
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predictor of the statistical model. The temporal coverage spans from 1979 to
2015 with hourly temporal resolution and 0.5∘ spatial resolution.
4.1.2. Historical Wave Data
The wave hindcast GOW2 developed by Perez et al. (2017) provides historical
wave data (significant wave height, Hs, peak wave period, Tm, mean wave
direction, 𝜃m) with hourly resolution and 0.5° spatial resolution at a global scale
and 0.25° in the continental shelf along worldwide coast from 1979 onwards.
This hindcast uses WaveWatch III wave model (version 4.18, Tolman, 2014) in a
multigrid configuration. Winds and ice coverage were interpolated from CFSR and
CFSv2 data.

4.2. Retrospective Seasonal Forecast Data
The NCEP-CFSv2 is used in this study to evaluate the predictability of wave
climate at seasonal scale. The 28‐year (1982–2009) ensemble retrospective
forecast data set from CFSv2 with 24 members is provided by NCEP (Saha et al.,
2011). Beginning in January 1st, 9‐month hindcasts were initiated every 5 days
with 4 cycles on those days. For each calendar month, the hindcasts with initial
dates after the 7th of that month were used as the ensemble members of the
next month. For instance, the starting dates for the February ensemble members
are the January 11th, 16th, 21st, 26th, 31st, and the February 5th. In general,
there are at least 16 members having initial dates before the 1st day of the
target month. The CFSv2 used in the reforecast consists of the NCEP Global
Forecast System at T126 (∼0.937°) resolution, the Geophysical Fluid Dynamics
Laboratory Modular Ocean Model version 4.0 at 0.25–0.5° grid spacing coupled
with a two‐layer sea ice model, and the four‐layer NOAH land surface model.
This information is retrieved from the ECOMS User Data Gateway (ECOMS-UDG),
developed by the Meteorology Group of the Universidad de Cantabria (Cofiño et
al., 2017), in the framework of the European Climate Observations, Modelling
and Services initiative (ECOMS) projects. ECOMS coordinates the activities of
three on-going European projects (EUPORIAS, SPECS and NACLIM) focusing of
seasonal to decadal predictions. The ECOMS-UDG facilitates harmonized multimodel seasonal forecast data. This information can be obtained directly from the
data providers but this is an error-prone and time-consuming activity due to the
resulting formats, temporal aggregations and vocabularies may not be
homogeneous across datasets.
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The NCEP-CFSv2 forecast database is used in this study because it is coherent
with the reanalysis atmospheric database (NCEP Global Forecast System) used to
calibrate the statistical downscaling model, it is the forcing used to generate the
GOW2 database and is publicly available. Other seasonal forecast datasets
(System4, GloSea5) with a restricted data access policy are limited to members
of ECOMS projects and have not been considered in this proof-of-concept.

4.3. North Atlantic Oscillation Index
The North Atlantic Oscillation (NAO) is traditionally defined as the normalized
pressure difference between a station on the Azores and one on Iceland. An
extended version of the index can be derived for the winter half of the year by
using a station in the southwestern part of the Iberian Peninsula (Hurrell, 1995).
The NAO calculated from Gibraltar and SW Iceland (Jones et al., 1997) from the
Climatic Research Unit (CRU) of the University of East Anglia is used in this
study.

5. STATISTICAL DOWNSCALING MODEL
The statistical downscaling (SD) method typically adopts a ‘‘perfect prognosis’’
approach, in which high resolution simulations of the variables of interest are
based on real-world statistical relationships between large-scale atmospheric
predictors and a local-scale predictand.
Different approaches can be applied to develop a SD model. Giorgi et al. (2001)
classified the methods into: (i) transfer functions, (ii) weather-type approaches,
and (iii) stochastic weather generators. A relevant aspect which determine the
skill of the SD method is the predictor choice, regarding variables and the spatial
domain (Fowler et al., 2007). In the case of sea surface waves, sea level
pressure (SLP) fields and the squared SLP gradient fields have demonstrated to
be good predictors (Wang et al., 2012; Casas-Prat et al., 2014). Statistical
models have been developed to obtain climate change wave projection. The
statistical approaches have been usually based on multivariate regression
models. Significant wave height has been predicted at 6-hourly resolution from
sea level pressure fields (SLP) at a global scale (Wang et al., 2014a, 2014b) or at
regional scale (Casas-Prat et al., 2014) or at seasonal to interannual time scale
(Martínez-Asensio et al., 2016). Mori et al. (2013) projected wave height using
an empirical formula as a function of sea surface winds. Wave climate changes
from multimodel ensemble over Europe are obtained using a statistical
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downscaling approach based on SLP weather types (WTs) and for an optimal
ensemble of models selected according to a skill criteria (Perez et al., 2015). This
statistical downscaling method is extended to obtain global wave climate
projections (Camus et al., 2017). Regarding the outputs of the SD models,
extreme statistics (maximum values) from the projected time series using
regression models (Casas-Prat et al., 2014; Wang et al., 2014a, 2014b) can be
estimated but limited to significant wave height. Weather-typing downscaling
method extends the analysis to more variables but restricts the projections of
extreme climate to high percentiles (Camus et al., 2014).
The screening of the variables and geographical domain considered to define the
predictors of a statistical downscaling method is a very time-consuming and
computationally expensive process, although less than the dynamical approach.
In this study, we leverage the IHC experience in the development of statistical
downscaling techniques for climate change projections and use the definition of
the predictors obtained in previous works.

5.1. Background
An SD framework based on weather types (Camus et al., 2014) is used at the
starting point for a first assessment of the predictability of seasonal wave
forecast. This weather-typing approach is applied to estimate seasonal wave
climate from seasonal predictions of sea level pressure (SLP) fields.
Figure 4 shows the scheme of the statistical framework proposed to downscale
wave climate, adapted from the one applied to obtain global and regional wave
projections.
1)
The global ocean is divided in eleven subdomains with a common predictor
(spatial domain and historical temporal coverage) based on a global wave
genesis characterization.
2)
Wave data at spatial resolution of 1.0⁰ obtained from GOW2 is used as
reference predictand observations to establish the statistical relationship. A
particular regression-guided classification is performed for each wave grid node
taking into account multivariate wave conditions (Hs, Tp, θ) as predictand.
3)
The empirical distribution of hourly wave parameters at each grid node of
the GOW2 wave database for each WT corresponding to that wave grid node
(resolution 1.0⁰x1.0⁰) is calculated.
4)
The seasonal empirical distribution of the wave variables is obtained for
each grid node using the probability of WTs at the target season.
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WAVE DATA
(PREDICTAND)
Y = Hs, Tm, SS

ATMOSPHERIC DATA
(PREDICTOR)
X = SLP, SLPG

1

GLOBAL WAVE HINDCAST
Global spatial resolution: 1.0⁰ x 1.0⁰

PREDICTOR PRE-PROCESS
(Spatial domain, temporal lag, gradients…)

2
REGRESSION GUIDED CLUSTERING
1. Linear Regression Ŷ = XB
2. K-means Z = [(1-α)·X + α·Ŷ]

3

WEATHER TYPES
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p4

AT EACH GRID POINT

EMPIRICAL DISTRIBUTIONS

f(y)=∑pi fi(Y)

INFERRED DISTRIBUTION

CLIMATE PROJECTED TIME SLICE
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p1’

p3’

P2’

P4’

4

f’(Y)=∑pi’ fi(Y)

Figure 4. Steps in blue represent the fitting of the statistical model. Steps in green
correspond to the processes to estimate climate changes in waves.

A regression guided classification is applied to a combination of the weighted
predictor and predictand estimations from a regression model linking the SLP
fields with local marine climate. The level of influence of the wave data is
controlled by a simple weighting factor which balances the loss/gain of
predictor/predictand representativeness (Cannon, 2012). A factor equal to 0.6 is
implemented globally based on a sensitivity analysis of the influence of the
guided classification in the dispersion of the multivariate wave climate within
WTs and the skill of the statistical approach in the North Atlantic Ocean (Camus
et al., 2016).
The application of the methodology is limited to the North Atlantic Ocean. The
empirical distribution fi(Y) of the wave parameters of interest (i.e., significant
wave height) associated with each WT is obtained. The probability of occurrence
(pi) of each WTi in the target season is calculated from the SLP seasonal
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predictions. pi of a WTi is estimated from the number of daily atmospheric
predictor situations represented by each WTi, so that

M

p
i =1

i

=1, where M is the

number of weather types. The Y distribution for the target season is inferred as:
M

f ( y ) =  pi  fi ( y )
i =1

The seasonal mean or other percentiles of Hs can be estimated from the
predicted seasonal distribution.
5.1.1. Predictor description
The skill of a statistical downscaling method depends on a selection of an
appropriate combination of predictors over a representative geographical domain
of the physical processes to be simulated that account the majority of the
variability in the predictand. On the other hand, the predictor variable used
should be realistically reproduced by the reanalysis (historical predictor data
used in the model calibration) and the GCMs (predictor retrospective forecast).
In case of wave climate, the predictor for each location must represent the wind
conditions that generate waves at that target location and the recent history of
atmospheric conditions responsible for the swell component at each particular
area has to be introduced in the predictor definition.
The spatial domain and temporal coverage of the predictor for the North Atlantic
Ocean is defined based on the global characterization of wave genesis performed
for global wave climate projections (Camus et al., 2017). The division of the
ocean is established in 11 subdomains with similar wave genesis. The Evaluation
of Source and Travel-time of wave Energy reaching a Local Area (ESTELA)
method (Pérez et al., 2014) is used to distinguish these subdomains. ESTELAS
are calculated for locations every 5.0° from spectral information. These data are
classified using K-means algorithm (KMA), obtaining 11 wave generation
patterns, shown in Figure 5. The subdomains are defined as the locations with
the same pattern, represented at the same colour as the corresponding pattern
in Figure 5. The predictor spatial domain for each subdomain is marked by a
black box in each pattern. The mean travel time for each wave generation
pattern defines the recent history of SLP conditions (predictor temporal
coverage), varying from seven days (subdomain 10) to three days (subdomain
7).
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Figure 5. The subdomains are represented at the same color as the corresponding
pattern. The predictor spatial domain for each subdomain is marked by a black box in
each wave generation pattern.

Daily SLP and daily SLPG (squared SLP gradients, derived from SLP fields) are
used as the atmospheric variables to define the wave predictor. In this study, a
verification of the performance of the retrospective seasonal forecast of the SLP
and SLPG has been carried out before establishing the final version of the
predictor for the statistical downscaling model. A low predictability of SLPG was
found, which could deteriorate the quality of the forecast of the seasonal wave
climate. Therefore, this variable is eliminated as predictor in the statistical
downscaling model.
The land grid points of the selected domain are disregarded in the SLP fields. The
predictor is defined as the m-daily mean SLP, with m being a value equal to 3 for
the subdomain of the North Atlantic Ocean, calculated every day through the
historical time period. Thus, the predictor associated with a certain day
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corresponds to the average obtained using the same day and the previous m-1
days.
Each m-daily SLP field from the CFSRv2-NCEP hindcast database, adding the
predictand estimation component from the regression model, is associated with
the most similar semi-guided WT, obtained from the reanalysis CFSR
atmospheric database. The predictor is defined by the leading principal
components explaining 95% of the entire predictor variance. PCs are obtained for
the seasonal forecast by projecting the corresponding standardized fields onto
the empirical orthogonal functions obtained from the reanalysis, which were
computed simultaneously on the combination of the weighted predictor and
predictand.

5.2. Adaptation to seasonal forecast
The proposed statistical downscaling approach based on weather types should be
methodologically adapted for its suitable application in the context of seasonal
forecasting.
The first methodological aspect is the calibration of the model using the available
yearly historical datasets of the predictor and predictand or only using seasonspecific data. The second aspect is related with the convenience of harmonized
the GCM predictors before entering the statistical downscaling model in order to
avoid misleading results due to climate model biases.
5.2.1. Seasonal calibration
Typical applications of statistical downscaling methods in climate change context
consider the entirely yearly predictor database for calibration due to future
seasonal climates might not exactly correspond to the present ones (Maraun et
al., 2010). Manzanas (2016) assessed the performance of using the entire
available yearly predictor and the season-specific data for seasonal forecasting of
precipitation, obtaining better results with season-specific data. Therefore, in this
study, statistical downscaling model is calibrated at each season of interest
independently.
5.2.2. Harmonization of GCM Predictor Data
CFSR SLP data (historical reanalysis database used for the model calibration) and
retrospective CFSR SLD SLP data are converted to a common 2.0ºx2.0º latitudelongitude grid. Daily predictor fields are standardized to avoid biased results due
to different climate model climatology and variability. In the case of GCMs,
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standardization is applied using the simulated seasonal climatological mean and
seasonal standard deviation for the historical period covered (1982-2009) of the
retrospective seasonal forecast database.

5.3. Validation
The statistical downscaling methods are calibrated using historical data of the
predictor and predictand. In this study, CFSR atmospheric reanalysis database
and GOW database are used for characterizing the predictor and predictand,
respectively. A cross-validation of the model should be performed using an
independent period for the calibration and the validation. The most common
validation approach consists in splitting the data in two periods (e.g., 80% and
20%): one used for training the model and the other one used for testing the
model. However, in this case, the results of the validation could vary significantly
depending the calibration/validation periods considered due to different climatic
conditions during these periods. The k-fold cross-validation allows a more
rigorous validation through the use of multiple calibration/validation
combinations. In this case, the available observed period is split into k nonoverlapping (equally-sized) subsets (or folds) and each subset k is used as a test
set, with the remaining data (k-1 folds) acting as a training set. The process is
repeated k times, one for each subset, and the predictions of the k test subsets
are joined together into a single prediction series for validation against the full
observed series, providing a single validation result (Gutiérrez et al., 2013).
According to Casanueva (2016), an optimal selection of k is based on a
calibration period covering 80% of the full period. In this study, in which 35
years (1979 – 2015) of predictor and predictand data are available, k=5
stratified folds (7/8 years each) have been defined. Stratified folds are
subsampling selecting 1 per 5 years, i.e., the first fold would be formed by the
years 1979, 1984, 1989, 1994, 1998, 2004, 2009, 2014. Using this option, the
same distributions/climatologies are sampled for all folds and each fold covers
more representative range of years (Gutiérrez et al., 2013).

6. EXPERIMENTAL DEVELOPMENT IN THE NORTH ATLANTIC
OCEAN
This section describes the wave climate in the region of the North Atlantic Ocean
where bimep site is located, the validation of the statistical downscaling model to
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project seasonal predictions and the verification of the skill of the wave seasonal
forecast.

6.1. Wave climate
The upper panel of Figure 6 shows the mean, the percentile 95th and the
percentile 99th of the JFM (January, February and March) significant wave height
(Hs), obtained from GOW2 database. The spatial patterns of these three
statistics are similar in the North Atlantic, with highest waves around 20°N and
60°N with values around 5.0, 9.0 and 11.0 for the mean, percentile 95th and
percentile 99th conditions, respectively. The correlation between JFM Hs and the
NAO Index is shown in the lower panels of Figure 6. A positive correlation at
highest latitudes and negative correlation in the lowest latitudes are
distinguished.

a1)

a2)

b1)

b2)

a3)

b3)

Figure 6. Wave climate in the North Atlantic: a1) Mean JFM Hs; a2) Percentile 95th JFM
Hs; a3) Percentile 99th JFM Hs. Correlation between wave climate and NAO Index: b1)
For Mean JFM Hs; b2) For Percentile 95th JFM Hs; b3) For Percentile 99th JFM Hs.

6.2. Statistical model validation
A k-fold cross-validation (described in section 3.3) of the SD method fitted at
JFM season is performed. The estimations from the statistical downscaling model
are compared against the parameters obtained from the observations (GOW
wave data) at monthly scale.
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The single correlation coefficient, the normalized root mean square error (nrmse,
expressed in %), scatter index (defined as the root mean square error divided by
the mean observed value as a measure of dispersion between the estimated and
observed value) and bias are computed for each Hs parameter for the full
available period 1979-2015, joining the test subsets together into a single
prediction. The validation scores (correlation coefficient, normalized root mean
square error, scatter index and bias) are shown in Figure 7 for the three
statistics of the significant wave height (mean in the left column, percentile 95th
in the middle column and percentile 99th in the right column). The skill of the SD
model is considerably high, as inform the validation scores, with a slight
worsening for the highest Hs percentiles. Correlation coefficients are around 0.90.95 for almost the whole area (the smallest values are around 0.65, near the
western part of the Mediterranean Sea and the Caribbean Sea). Regarding
nrsme, the values increase from around 5% for the mean Hs to 10% for the
percentile 99th. The highest values of the scatter index are around 0.1 in the
Mediterranean Sea and the Caribbean Sea. The model underestimates the
extreme Hs (percentile 95th and percentile 99th) as reflected by the bias.

%
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Figure 7. Validation of SD model in JFM season for the monthly mean (left column), the
95th percentile (middle column) and the 99th percentile (right column) of Hs in the
North Atlantic by means of correlation coefficient (first row), normalized square mean
error (second row), scatter index (third row) and bias (fourth row).

6.3. Forecast verification
A range of complementary metrics (verification measures) are needed to be used
to provide a complete picture of forecast quality and cover different aspects
relevant to users (Jolliffe and Stephenson, 2003). The Standardized Verification
System
for
Long
Range
Forecasts
(SVS-LRF:
http://www.bom.gov.au/wmo/lrfvs/index.html) recommends a suite of metrics to
document the quality of their forecasts according to a common standard. In the
present work, the Correlation Coefficient and the Bias were considered for a
deterministic verification, and the Ranked Probability Score (RPS), the Ranked
Probability Skill Score (RPSS) and the Relative Operating Characteristic Skill
Score (ROCSS) were considered for the probabilistic verification. The different
verification metrics are described below. A more detail description can be found
in “Description of the IRI Climate Forecast Verification Scores” from the
International
Research
Institute
(IRI)
for
Climate
and
Society
(https://iri.columbia.edu/wp-content/uploads/2013/07/scoredescriptions.pdf).
Bias measures the mean error of the forecasts (fn), i.e., their mean deviation
from observations (on), for a sample size of N. However, this metric does not
measure the correspondence between forecasts and observations, i.e., it is
possible to get a perfect score of 0 for a bad forecast if there are compensating
errors.
𝑁

1
𝐵𝑖𝑎𝑠 = ∑(𝑓𝑛 − 𝑜𝑛 )
𝑁
𝑛=1

The ranked probability score (RPS) measures the squared forecast probability
error, and therefore, indicates to what extent the forecasts lack success in
discriminating among differing observed outcomes, and/or have systematic
biases of location and level of confidence. Thus, the score reflects the degree of a
lack of discrimination, reliability and/or resolution.
The RPS is based on the squared probability error, cumulative across the three
forecast categories in order from lowest to highest:

26

SEASONAL WAVE FORECAST FOR BIMEP
𝑛𝑐𝑎𝑡

1
2
𝑅𝑃𝑆 =
∑ (𝑃𝑐𝑢𝑚𝑓𝑐𝑡𝑖𝑐𝑎𝑡 − 𝑃𝑐𝑢𝑚𝑜𝑏𝑠𝑖𝑐𝑎𝑡 )
𝑛𝑐𝑎𝑡 − 1
𝑖𝑐𝑎𝑡=1

Where icat is the category number (1 for below normal, 2 for near normal, 3 for
above normal), ncat is the number of categories (3 in a tercile-based system),
Pcumfct is the cumulative forecast probability up to category icat, and Pcumobs is the
comparable term for the cumulative observation “probability”. The error is the
squared difference between the cumulative categorical forecast probability and
the corresponding cumulative observed “probability”, in which 1 is assigned to
the observed category and 0 is assigned to the other categories.
The ranked probability skill score (RPSS) is a skill score based on a comparison
of the cumulative squared probability error (i.e., the ranked probability score, or
RPS) for an actual set of forecasts with the RPS that would result from constant
issuance, for all forecasts, of the climatology forecast of 0.333 probability for
each category. In either case, the RPS measures the squared forecast probability
error, and therefore, indicates the extent to which the forecasts lack success in
discriminating among differing observed outcomes, and/or have systematic
biases of location and level of confidence. Positive RPSS implies that the RPS is
lower for the forecasts than it is for climatology forecasts. Thus, the score
reflects discrimination, reliability and resolution.
The ranked probability skill score (RPSS) is based on a comparison of the
squared probability error, cumulative across the three forecast categories in
order from lowest to highest, with the same computation applied to constant
climatology (0.333/0.333/0.333) forecasts.
The RPS for either the actual forecasts or the constant climatology forecasts is
computed as the squared difference between the cumulative categorical forecast
probability and the corresponding cumulative observed “probability” in which
100% is assigned to the observed category and 0% is assigned to the other
categories. The formula for RPSS is based on the RPS of the forecasts and the
RPS of the constant climatology forecasts, as follows:
𝑅𝑃𝑆𝑓𝑐𝑡
𝑅𝑃𝑆𝑆 = 1 −
𝑅𝑃𝑆𝑐𝑙𝑖
where RPSfct and RPScli are the RPS for the forecasts and for the climatology
forecasts, respectively. When RPSfct and RPScli are equal, RPSS is zero, and when
RPSfct is zero, RPSS reaches its maximum possible value of 1.
The ROC (relative operating characteristics) curve indicates the degree of correct
probabilistic discrimination in a set of forecasts. Discrimination is the ability to
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distinguish one categorical outcome from another even if the forecast
probabilities have biases or calibration problems. ROC is plotted as a graph with
the hit rate shown on the vertical axis and the false alarm rate shown on the
horizontal axis using a set of increasing probability thresholds (e.g., 0.05, 015,
0.25, etc). A hit implies the occurrence of an event of interest, such as below
normal precipitation, while a false alarm implies the nonoccurrence of such an
event. A ROC curve is plotted for each forecast category individually. The ROC
curve is created from a set of points on the graph. The first point indicates the
hit rate (as a proportion of the total forecasts that are hits) and the associated
false alarm rate (also as a proportion) only for forecasts in the highest bin of
issued forecast probabilities. Subsequent points indicate the hit versus false
alarm rates for cases having successively decreasing forecast probabilities also
added into the sample, sequentially. The area underneath the ROC curve is the
Relative Operating Characteristic skill score (ROCSS). ROC scores above 0.5
reflect positive discrimination skill, 1.0 representing the maximum possible score.
Probabilistic biases (i.e., calibration problems) do not degrade the score, as the
score isolates discrimination exclusively. By examining the ROC curves for the
different forecast categories, it is possible to detect cases of conditional
discriminative skill, as for example being able to forecast below normal
conditions with better discrimination than above normal conditions. The ROCSS is
computed as:
𝑅𝑂𝐶𝑆𝑆 = 2𝐴 − 1
where A is the area under the ROC curve. The ROCSS ranges from 1 (perfect
forecast system) to -1 (perfectly wrong forecast system). A value zero (A=0.5)
indicates no skill with respect to a climatological predictions.
Because this study is the first experimental analysis of the predictability of
seasonal wave climate, the analysis is limited to the predictions corresponding to
lead month 1 (December) for season January-February-March (JFM, a seasonal
forecast issued one month before beginning of the validation period).
The 28‐year (1982–2009) retrospective NCEP-CFSv2 forecast data set composed
of 24-member ensemble is used to verify the forecast quality. In this study, the
re-forecast database is used to downscale JFM wave heights using the
methodological downscaling framework described previously. The quality of these
downscaled wave predictions should be verified using as a reference the (quasi)
observed GOW2 wave database, which has also been used to calibrate the
statistical downscaling model.
The correlation coefficient is a simple metric to assess the ability of the
downscaled JFM wave height to reproduce the observed interannual JFM seasonal
forecast. The correlation coefficient is shown in the upper panels of Figure 8 for
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the JFM mean, percentile 95th, percentile 99th significant wave height. In
general, correlation coefficients are smaller than 0.4, indicating that the wave
seasonal forecast has limited skill to emulate the annual variability. The
correlation is similar for the three statistics (mean and percentiles 95th and
99th), with an analogous spatial pattern. The bias of the JFM climatology of the
mean, the percentile 95th and the percentile 99th wave height is depicted in the
lower panels of Figure 8. The bias is negligible for the mean Hs and the
percentile 95th and slightly positive (<5%) for the percentile 99th.

a1)

a2)

b1)

b2)

a3)

b3)

%

Figure 8. Upper panels: Correlation coefficient between observed and predicted JFM
significant wave height in the North Atlantic: a1) mean; a2) percentile 95th; a3)
percentile 99th. Lower panels: Bias (in %) of the predicted JFM significant wave height
climatology: b1) mean; b2) percentile 95th: b3) percentile 99th).

The forecast probability error is quantified by means of the RPS (ranked
probability score), shown in the upper panels of the Figure 9 for the JFM mean,
percentile 95th and percentile 99th significant wave height. RPS value is around
0.2-0.3, indicating a small probability error for the three wave height statistics.
This could mean that the JFM forecast is able to discriminate among outcomes.
However, the RPS is sensitive not only to the forecast probability given to the
observed category, but also to the probabilities given to the other categories.
The RPS could be relatively smaller (indicating a better forecast) when the near
normal category has a high forecast probability than when the category on the
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opposite side of near normal has a high forecast probability. Another reason
could be if a large number of forecasts are issued and if approximately one third
of the stations (or grid points) are observed to be below, near, or above normal,
then the impact of the strong tendency toward lower (better) RPS for the
observed near normal cases would be inconsequential.
RPSS compared the actual forecasts to the constant climatology forecasts. RPSS
is reversed from that of RPS, where now higher scores indicate forecasts having
higher skill levels. RPSS is presented in the lower panels of Figure 9. Not
significant values are obtained, ranging between -0.2 to 0.2 for almost the whole
North Atlantic Ocean, except in the western part where this verification score
presents a higher negative value. These scores inform about the unsuccessful
ability of the forecasts to differentiate among dissimilar observed outcomes,
compared with constant climatology forecasts (0.333/0.333/0.333).
a1)

a2)

b1)

b2)

a3)

b3)

Figure 9. Upper panels: RPS for each tercile of the mean (a1), percentile 95th (a2) and
percentile 99th (a3) of the JFM significant wave height in the North Atlantic Ocean.
Lower panels: RPSS for each tercile of the mean (b1), percentile 95th (b2) and percentile
99th (b3) of the JFM significant wave height in the North Atlantic Ocean.

A tercile-based probabilistic validation scheme using the ROC Skill Score is used
to verify the probabilistic JFM Hs seasonal forecast. Each of the 28 years of the
interannual series of predicted seasonal (JFM) wave significant height (mean
value, percentile 95th and percentile 99th) were classified into three categories
(i.e., whether wave height for a particular year was normal, below-normal or
above-normal). The forecast performance was assessed in terms of its ROCSS
based on terciles.
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As an illustrative example of the tercile-based probabilistic validation approach,
Figures 10-11 show the 1982-2009 interannual time series of probabilistic
predictions for the mean, the percentile 95th and the percentile 99th JFM Hs
from the ensemble and the binary occurrence/non occurrence for the three
categories (below-normal, normal or above-normal based on terciles) in two grid
points with different forecast skills (ROCSS is indicated on the right of each
tercile plot). The correlation of the standardized historical time series of the Hs
observations (mean, percentile 95th, percentile 99th) and NAO Index are
represented in the upper panel. The spread plot of forecast predictions
(represented as the range between percentile 5th and 95th) against observations
is also displayed. Figure 10 shows the assessment of the forecast quality for the
location [Lon=40°W; Lat=35°N], with certain skill. Location [Lon=30°W;
Lat=50°N] in Figure 11 exhibits a ROCSS value close to zero.

Figure 10. Detail of forecast skill for the location [Lon=40.0°W; Lat=35.0°]. a) Historical
standardized time series of JFM Hs observations (mean, percentile 95th, percentile 99th)
and NAO Index; b) Spread plot of forecast predictions (ensemble mean in black) against
observations (in red). The ensemble spread is represented as the range between
percentile 5th and 95th by the grey shaded area. Observed terciles are indicated by the
horizontal black dashed line; c) Tercile validation plot with terciles arranged by rows.
Numbers on the right show the ROCSS for each tercile. Red points mark the observed
tercile.
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Figure 11. Detail of forecast skill for the location [Lon=30.0°W; Lat=50.0°]. a) Historical
standardized time series of JFM Hs observations (mean, percentile 95th, percentile 99th)
and NAO Index; b) Spread plot of forecast predictions (ensemble mean in black) against
observations (in red). The ensemble spread is represented as the range between
percentile 5th and 95th by the grey shaded area. Observed terciles are indicated by the
horizontal black dashed line; c) Tercile validation plot with terciles arranged by rows.
Numbers on the right show the ROCSS for each tercile. Red points mark the observed
tercile.

Spatial maps of ROCSS are shown in Figure 12 for the below-normal (upper
panels), the normal (middle panels) and the above-normal (lower panels)
categories. It can be seen that only certain skill is located over the area [40°W 20°W; 20°N - 40°N], certain areas of the North Sea and the Western
Mediterranean Sea with a slightly higher predictability of the lower tercile for the
mean conditions and percentile 95th. The skill almost disappears for the
percentile 99th.
Figure 13 displays the ROCSS maps of the JFM SLP (Sea Level Pressure)
predictions with a skillful area centred between the latitudes 35°N and 55°N and
the longitudes 15°W and 55°W. These spatial patterns are reflected in the areas
with higher skill of the JFM Hs predictions. Despite the huge advances in the last
decades, current forecasting systems have limited skill at seasonal time-scales in
areas without a direct relationship with ENSO. The skill prediction of the NAO is
negligible in the restrospective database used to assess the forecast quality. The
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new seasonal forecast system from the UK Met Office, GloSea5, has shown a
promising skill in predicting the NAO due to a considerable increase in resolution,
although this is a controversial issue (Manzanas, 2016).

Figure 12. ROC Skill Score of the seasonal JFM wave height predictions in the North
Atlantic Ocean (mean in the left column, the percentile 95th in the middle column and
the percentile 99th in the right column) for the three categories: below normal (upper
panels), normal (middle panels), above-normal (lower panels).

Figure 13. ROC Skill Score of the seasonal JFM SLP predictions in the North Atlantic
Ocean (mean in the left column, the percentile 95th in the middle column and the
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percentile 99th in the right column) for the three categories: below normal (upper
panels), normal (middle panels), above-normal (lower panels).

7. SUMMARY
GCMs are the primary tool used nowadays to generate seasonal climate
forecasts. However, waves are not an output from these models and a
downscaling must be performed to transfer these global predictions to
regional/local waves.
The suitability of statistical downscaling approach to generate wave seasonal
forecast of mean and percentile 95th and 99th for JFM season in the Northern
Atlantic Ocean is tested. The forecast quality is assessed validating the
performance of wave seasonal forecast in the past. NCEP-CFSv2 ensemble
retrospective forecast database (1982–2009) is used to estimate of its quality.
The statistical downscaled framework based on weather types is applied,
developed to obtain global climate change wave projections, with an adaptation
to its application in seasonal forecast.
Downscaled wave from seasonal CFSv2 hindcast are analysed and verified using
the quasi-observational GOW2 wave database and a variety of deterministic and
probabilistic metrics.
The statistical downscaling in the North Atlantic Ocean can capture the predictive
signal in the global hindcast CFSR. JFM wave forecast shows a similar
performance of the SLP predictor. The low skill in this area is conditioned to the
limited seasonal predictability over Europe. The skill pattern (evaluated by means
of the ROC Skill Score) of the wave seasonal forecast resembles the skill pattern
of the SLP seasonal predictions. The application of the statistical downscaling
model does not lose the (low) predictor predictive skill.
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