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1. INTRODUCTION 

CEASELESS Deliverable Report 2.2 “Assimilation impact for combined satellite/in-situ data 

(selected metocean variables)” aims to demonstrate the synergy between in-situ observations and 

satellite data in both open waters and coastal regions, and assesses whether the data available, models 

and assimilation methods have developed sufficiently that the traditionally claimed limitations of 

coastal buoys for assimilation can be mediated. 

In order to understand how far the present state of the art has progressed in this regard, the project 

partners have developed and tested a number of proposed improvements to the data assimilation chain 

and coastal modelling methods: 

• Assimilating in-situ observations alongside satellite data. This is seen as a complementary 

activity where in-situ data provide temporally rich data at fixed locations, versus the more 

spatially rich, but temporally sparse, data provided by instruments mounted on polar orbiting 

satellites. 

• Applying new assimilation and modelling schemes that can incorporate the assimilated data 

in both large-scale open ocean models (providing the boundary conditions essential for coastal 

forecast systems) and regional models adapted for resolving the coastal zone. 

• Testing the ability of these schemes to increase coastal system memory. The requirement is 

to overcome well known problems associated with forecasting ‘forced-dissipative’ parameters 

(such as waves or storm surge), whose errors are largely governed by the skill of associated 

atmospheric forcing conditions, but which will also change rapidly in time in the coastal zone 

due to high dissipation rates in shallow water. 

• Relaxing constraints imposed upon the use of satellite observations in coastal waters, in order 

to improve the uptake of observations by coastal assimilation systems; this is expected to be 

achievable with advances associated with the latest generations of satellite instruments (e.g. 

SAR and altimeters on Sentinel missions) and data processing techniques. 

Consistent with the core theme of the CEASELESS project, these advances have been assessed within 

experiments based on practical applications representing real-world, state of the art, methods for open 

ocean, shelf seas and coastal zone modelling and forecasting. For this work package, the activities 

conducted by partners in the CEASELESS project have a common focus on the benefits of data 

assimilation and coastal modelling methods for prediction of ocean surface waves. This recognises 

both the importance and challenges associated with forecasting waves, which are influenced at 

varying levels of scale and complexity of physical processes in the transition from deep open waters 

to coastal zones. At the same time, wave data assimilation science is still relatively immature when 

compared to work that has been undertaken in the fields of atmospheric and deep ocean modelling. 

The remainder of the report documents these experiments and is set out as follows. Section 2 provides 

some background to the research by giving a summary of the present state of the art for operational 

wave data assimilation, based around the world-leading system used at ECMWF. Section 3 

demonstrates this using ECMWF’s wave model for the open ocean, including experiments assessing 

the use of Sentinel-3 data and a new hourly-updating assimilation of in-situ data to improve the wave 

analysis and forecast. Section 4 follows a similar optimal interpolation based approach, used by HZG, 

to specifically assess the impact provided by the latest generation of altimeter (as available from the 

Copernicus Marine Environment Monitoring Service catalogue) and the effect of the assimilation on 

wave spectra and integrated wave characteristic parameters additional to significant wave height. 

Sections 5 and 6 provide some insights into future capability for wave modelling and assimilation in 

coastal seas. First, the use of a modelling scheme enabling coastal refinement is explored, via UPC’s 
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assessment of unstructured wave model grid generation criteria and validation against both in-situ 

and satellite data in Section 5. In Section 6, CNR propose and assess a more physically realistic 

approach to the key problem of correctly defining wave field correlation lengthscales, which will 

have particular application in systems assimilating more sophisticated wave spectral information. As 

a first step to drawing some of these new system developments together, Section 7 presents a set of 

regional wave assimilation experiments in which a form of model grid refinement, a more complex 

lengthscale definition and a variational assimilation scheme have been used, alongside variations in 

the use of in-situ and satellite altimeter data. An overview and discussion of the results from all these 

studies is provided in Section 8, drawing conclusions on the likely benefits of regional wave data 

assimilation both for modelling generically and specifically the type of practical applications 

associated with Copernicus Marine Environment Monitoring Service products and value-adding 

coastal prediction tools. 
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2. BACKGROUND; DEVELOPMENT OF WAVE DATA ASSIMILATION AND THE 
PRESENT STATE OF THE ART (ECMWF) 

Operational wave data assimilation schemes are not as advanced as comparable systems developed 

for weather forecasting. There are two main reasons for this. First, in contrast to weather forecasting, 

the wave forecast is strongly constrained by wind forcing. Whilst the evolution of the atmospheric 

conditions is mainly controlled by the atmospheric initial state, the initial wave field loses its 

influence after a relatively short time, ranging from a few hours to a number of days depending mainly 

on the basin size, the sea state conditions, the wind strength and on the atmospheric dynamical time 

scale. In theory, a perfect wave model driven by perfect wind fields would produce perfect wave 

fields after a certain time, whatever the initial state might have been. However, this is not the case for 

the atmospheric model for which chaotic behaviour makes it very sensitive to its initial conditions. 

The second reason for the late introduction of wave data assimilation is that before the advent of 

satellites, only in-situ wave data were available. Whilst the measurements from wave buoys are of 

high quality, the data coverage is mostly limited to coastal areas in the Northern Hemisphere (NH). 

Therefore, these data are of little use in global wave data assimilation. In practice, these in-situ data 

are used for the control and monitoring of numerical weather prediction (NWP) and wave models. 

When the prospect of global wave height data emerged, the first wave data assimilation methods that 

were developed were obviously the simplest and the least expensive in terms of computer resources. 

Several approaches are conceivable and they can be classified into two categories: sequential methods 

and multi-time level methods. The assimilation techniques most commonly used for operational 

applications are based on instantaneous sequential methods like optimum interpolation (OI) (e.g. 

Lionello et al., 1992) and successive corrections (e.g. Thomas, 1988). Such methods are very 

attractive due to their low computational cost. However, the corrections are done at a local scale and 

at one time level. It is well-known that the main error source in wave modelling is introduced through 

the driving wind field. Therefore, it would make sense to use the winds as control variable in the 

analysis scheme, i.e. to modify the winds in such a way that an optimal agreement with the 

observations for wave height is obtained. For wind-sea, updates to the wind field may be obtained in 

the context of a single time level approach. However, in case of swell this approach does not work 

because swells have been generated by remote storms some time (e.g. a number of days) ago. The 

assimilation of altimeter significant wave height (SWH) data represents an additional challenge 

because it only provides information on the integral over frequency and direction of the wave 

spectrum, whereas modern wave models are based on a spectral description. Applying the 

assimilation method results in a wave height increment which must be translated to a corresponding 

change in the local wave spectrum. For wind-sea, this is fairly straightforward to do by using the 

evolution laws for wind generated waves, as obtained, for example, during the JONSWAP 

(Hasselmann et al, 1973) field campaign or, better, from idealised model runs. However, for swell it 

is assumed that the mean wave steepness is invariant during the transformation, which may be 

plausible, but in practice this assumption is hard to justify (see: Lionello et al., 1992 and Greenslade, 

2001). 

A number of multi-time level methods have been developed and tested in the past. One such method 

is based on the Kalman Filter (KF). The KF has the additional advantage that it provides error 

statistics on the model variables. The KF propagates a forecast error covariance matrix (FECM) which 

gives further information on the model state. The problem of implementing these techniques arises 

from the dimension of FECM, which then has implications on the required number of model 

integrations. Some simplifications are required to reduce the cost of such methods (Voorrips, 1998). 

Another multi-time level group of methods is based on the variational approach. Such methods are 

based on the minimization of a cost function and often use the adjoint technique in order to compute 
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the gradient of the cost function. Multi-level time variational techniques take into account the history 

of the observations under the constraint of the wave model dynamics. A promising first step was 

reported by De las Heras et al. (1994) and Hersbach (1998) who managed to create the ’true’ wind 

forcing based on wave height observations alone. 

These studies used the adjoint of the WAM model, which was based either on coding the analytical 

adjoint or by means of an automatic procedure. However, the high cost of these methods has slowed 

down their introduction in the field of wave forecasting, although the variational approach is now 

widely used in operational weather forecasting. Simplifications are always required for operational 

implementations. For example, simplifications in the tangent linear model as well as a reduction of 

its resolution would allow a significant reduction of its cost, as it is necessary to carry out between 

10 and 100 integrations of the adjoint of the tangent linear model to converge towards the optimum 

trajectory. Such an approach works well in the atmospheric context because the main interest is in an 

analysis of the large scales. However, for wave modelling the main interest is in wave development 

during storms which have smaller scales, say of the order of 500 km, and therefore a simplification 

such as a reduction in resolution is probably counter-productive. Using an approximate tangent-linear 

model, Voorrips and de Valk (1997) compared results of the variational approach with an OI method. 

No advantage was found for the variational method, however, presumably because of a not optimally 

calibrated tangent-linear model. 

Finally, Greenslade and Young (2004) investigated a problem which is common to all assimilation 

methods. A key element in any data assimilation scheme is that knowledge is required of the spatial 

correlation of the model error. This is modelled in most schemes by a simple exponential distribution 

involving the ratio of the distance between the two points of interest and a correlation length scale, 

where the correlation length scale is regarded to be independent of location and is adjusted in such a 

way that in some sense optimal results are achieved. This is an ad-hoc approach and Greenslade and 

Young (2004) show, using the Hollingsworth-Lönnberg (1986) method, how in a rational way the 

correlations in model error may be obtained by a comparison with super-observed (also known as 

‘superobbed’) altimeter wave height data. Superobbing, a term coined to refer to the averaging of 

measurements along the satellite track or over an area within the swath of the satellite, is required in 

order to avoid correlations that do exist between individual altimeter observations (see Janssen et al., 

2007). It then turns out that the correlation length scale is a function of location on the globe, with 

large spatial scales, of the order of 700 km, in the Tropics (where swells prevail), while in the extra-

Tropics correlation scales are considerably smaller, of the order of 400 km. This is because wind-

seas, which have smaller scales, are an important component of the sea state in the storm tracks. 

Greenslade and Young (2005) have used these inhomogeneous model error correlations in the 

Australian wave analysis system and an improved forecast skill was found when compared to the 

operational analysis system with a fixed correlation length scale of 300 km. Preliminary tests at 

ECMWF, however, have only shown a modest impact of this promising change in the model 

correlation matrix, hence more work is evidently needed. 

Despite the above-mentioned shortcomings, even today, most weather centres with wave modelling 

capabilities are using OI or related schemes to assimilate significant wave height from a number of 

altimeters. Admittedly, these schemes involve many strong assumptions to relate wave heights 

increments to changes in the wave spectrum. Therefore, instruments that would provide spectral 

information such as the Synthetic Aperture Radar (SAR) are ideally suited for wave assimilation 

because no assumption in the mapping from the observed information to spectral change is required. 

The introduction of SAR data assimilation has been tested in several studies (e.g. Breivik et al., 1998; 

Dunlap et al., 1998; Aouf et al., 2006) and has been introduced operationally at ECMWF in February 

2003 (Abdalla et al., 2004). Forecast impact of the introduction of SAR data was similar to that of 
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altimeter wave height data, which suggests that, although the wave height assimilation schemes 

involve a number of strong assumptions, the analysis results seem nevertheless realistic. 
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3. ASSIMILATION IMPACT FOR WAVES AT OPEN OCEAN SCALES: 
APPLICATION OF SENTINEL ALTIMETER AND IN-SITU BUOY 
OBSERVATIONS (ECMWF) 

3.1.Background 

This section describes impact assessment studies related to wave data assimilation on a global scale. 

The system used for wave data assimilation is described briefly in Sub-section 3.2. The impact of 

assimilating significant wave height (SWH) data measured by the altimeters (SRAL) onboard both 

Sentinel-3 satellites (Sentinel-3A and Sentinel-3B) is presented and assessed in Sub-section 3.3. The 

impact of the assimilation of in-situ SWH data (also referred to as buoy data since the majority are 

measured using moored buoys and even though part of such data is also measured at fixed platforms 

or moving ships) and the synergy between in-situ and satellite measurements on global scale is 

presented and assessed in Sub-section 3.4. 

 

3.2.The wave data assimilation system and experimental setup 

The results presented in this section are based on numerical experiments conducted using the 

ECMWF wave model ECWAM, which is part of Integrated Forecasting System (IFS). In most of the 

experiments, the wave model ECWAM was run in isolation from the other components of IFS. We 

refer to runs of this configuration as uncoupled or stand-alone wave model runs. The forcing wind 

fields were obtained from the operational ECMWF analyses and forecasts. These stand-alone model 

runs have 0.25 x 0.25 irregular latitude-longitude (which correspond to about 28 km) grid spacing 

and spectral resolution of 36 directions and 36 frequencies. While the spectral resolution matches the 

configuration of the operational model, the spatial grid is twice as large. 

The wave model used for all the experiments here is based on the wind input and the open ocean 

dissipation sources terms developed by Ardhuin et al. (2010) with all necessary calibrations needed 

for the use of this new definition in the ECMWF model ECWAM. This version of the model is part 

of the ECMWF IFS targeted for operational implementation later this year. The initial conditions for 

the experiments were extracted from another long term stand-alone run to rule out any contamination 

of the old physics parameterisation.  

The runs consist of two daily analyses each covering a window of 12 hours. The analysis sub-

windows for Sentinel-3 experiments (presented in Sub-section 3.3) are configured as two 6-hourly 

sub-windows centred at major synoptic times (00, 06, 12 and 18) as it is done in operations. For the 

buoy-related experiments (presented in Sub-section 3.4) hourly windows were used. So each 12-

hourly analysis window is divided into twelve 1-hourly windows ending at the head of each hour. 

Each 12-hourly analysis cycle, irrespective of its internal configuration, is followed by 7-day forecast 

(the forecast was limited to 7 days as the impact of wave data assimilation is negligible beyond that).  

Wave data assimilation is based on the currently used Optimum Interpolation (OI) assimilation 

scheme (see, for example, Abdalla and Janssen, 2017). Some reference experiments were run without 

any data assimilation (also called hindcast) to represent the pure model predictions. ECWAM is 

described in ECMWF (2016) and Janssen (2004, 2007). 

The altimeter data are pre-processed in a way similar to the approach outlined in Abdalla and 

Hersbach (2004) and Bauer et al. (1992) with slightly modified parameters. The data go through a 

quality control procedure to remove erroneous and inconsistent observations. The standard deviation 

of altimeter range and significant wave height (SWH) are used to reject observations with high 
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variability, since these are usually adversely affected by land, ice or other sources of footprint 

contamination. The data are then averaged along the track to form super-observations with scales 

compatible with the model scales of around 75 km. It is worthwhile mentioning that model scale is 

typically several (about 4-8) times the model grid spacing (e.g. Abdalla et al., 2013). This corresponds 

to 11 individual (1 Hz) observations for low-altitude (~800 km) satellites which have ground speed 

of about 7 km/s (CryoSat-2, SARAL/AltiKa, Sentinel-3) and to 13 individual 1-Hz observations for 

high-altitude (1300 km) satellites which have ground speed of about 6 km/s (e.g. Jason series). The 

impact of changing the scale of the super-observations was discussed in Deliverable D2.1. 

 

3.3.Assimilation of Sentinel-3 wave height data in a global wave model 

The Sentinel-3 mission is an important component of the European Union (EU) Copernicus Space 

Programme, which is the European Union’s Earth observation programme coordinated and managed 

by the European Commission in partnership with the European Space Agency (ESA), the EU Member 

States and EU Agencies. The assimilation of SWH data from the altimeters onboard of both Sentinel-

3 spacecrafts is important for ECMWF operational forecasts. It is also expected to be incorporated in 

the ERA5, which is the atmospheric reanalysis of the Copernicus Climate Change Service (C3S). 

A set of stand-alone ECWAM wave model experiments (as described in Sub-section 3.2) was 

conducted to assess the impact of assimilating Sentinel-3 data in isolation and together with data from 

other altimeters. The experiment ID’s and their deviations from the default are summarised in Table 

3-1. Each experiment ran from 23rd November 2018 until the end of January 2019. The 23rd November 

2018 is the date when the Sentinel-3B satellite reached its planned operational orbit. Before that it 

was in the drifting phase when it was moved from its initial orbit so that the satellite was running in 

tandem with Sentinel-3A, separated by about half a minute, for more than 4 months. Starting the 

experiments on 23rd November 2018 ensures that Sentinel-3 data samples the ocean sea-state in a 

similar manner to the operational phase, which is planned for the coming 7 years or so. 

 

Table 3-1: Experiments for assessing the impact of assimilating Sentinel-3 wave height data. 

Exp. ID Experiment Deviation from default configuration 

h4kh No-Data (ND) Model hindcast with data assimilation switched off. 

h4ki Sentinel-3B 

(S3B) 

Assimilating SWH from Sentinel-3B altimeter only. 

h4kj Sentinel-3A 

(S3A) 

Assimilating SWH from Sentinel-3A altimeter only. 

h4kk Sentinel-3A&B 

(S3AB) 

Assimilating SWH from Sentinel-3A and Sentinel-3B 

altimeters only. 

h4kl Five Altimeters 

(ALL5)  

Assimilating SWH from five altimeters: Sentinel-3A, 

Sentinel-3B, Jason-2, CryoSat-2 and SARAL/AltiKa. Note 

that Jason-3 is not included. 

h4km Three Non-

Sentinel (NS3) 

Assimilating SWH from three altimeters: Jason-2, CryoSat-2 

and SARAL/AltiKa. Note that Semtinel-3A, Sentinel-3B 

and Jason-3 are not included. 
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The geographical distribution of the difference between the analysis fields of the experiment 

assimilating SWH from Sentinel-3B only (experiment S3B) and the hindcast experiment without any 

data assimilation (experiment ND) averaged over a period of two months (1 December 2018 to 31 

January 2019) is presented in panel (a) of Figure 3-1. Sentinel-3B is in general trying to reduce the 

model wave height by about 10 cm almost everywhere. This is an indication that the implemented 

bias correction is in need of some optimisation. This will be assessed later. Panel (b) of Figure 3-1 

shows the distribution that emerges from the comparison between experiment ALL5, which is the 

experiment assimilating SWH data from the five satellites (Sentinel-3A, Sentinel-3B, CryoSat-2, 

SARAL/AltiKa and Jason-2), compared again to the same reference which is the no-data (ND) 

experiment for the same period. Negative biases like those in panel (a) dominate most of the global 

ocean. However, there are areas where the model overestimates SWH compared to altimeter data. 

Note that the contouring in Figure 3-1 is kept the same for the two panels to aid the visual comparison. 

Bias distribution reveals systematic differences but does not usually provide an indication of the effort 

spent by data assimilation to correct the model results. The standard deviation of the difference (SDD) 

provides a better measure of this. Figure 3-2 shows the SDD between analysis SWH from the S3B 

experiment compared against SWH from the ND experiment in panel (a), and between analysis SWH 

from ALL5 experiment compared to the same reference in panel (b). Altimeter data in the ALL5 

experiment work harder than Sentinel-3B data to correct the model results everywhere. This is an 

expected result due to the amount of data involved in the ALL5 experiment (about 4-5 times the 

amount of Sentinel-3B data). In both cases, altimeter data work harder in the extra-tropics, especially 

in the Northern Hemisphere (NH) during this period (winter). Another area where the altimeter data 

is working hard is along the ice boundaries around Antarctica where sea ice is thawing giving during 

this period (Southern Hemispheric summer). This is an indication that the model does not have the 

precise representation of sea ice. 

Altimeter SWH data cannot be used as an independent data set to verify the model analysis against, 

since the model analyses are highly impacted by such data through data assimilation (in the current 

implementation of data assimilation at ECMWF altimeter data has the same weight as the model 

background weight). However, it is possible to use altimeter data to verify the model forecasts. In 

forecast mode, the model output is verified against future altimeter data which have not yet been 

assimilated in the model. Nevertheless, it is possible also to argue that systematic errors in the data, 

if they exist, will affect the model verification and may reduce the “independence” of the verifying 

altimeter data set. 

Since the analysis of each experiment differs from the others due to the amount of assimilated data 

and their geographical coverage, we will assume that the analysis that assimilated more data 

represents the truth better than the other analyses. In this case it is the analyses of the experiment 

ALL5 that used data from Sentinel-3A, Sentinel-3B, CryoSat-2, SARAL/AltiKa and Jason-2. With 

the assumption that ALL5 analyses are the best representation of the truth, the SDD against this truth 

becomes a measure of random error. 

The geographical distribution of the standard deviation of the difference (SDD) between 1-day SWH 

forecasts from experiment ALL5 and its own analysis (which happen to be the best estimation of the 

state of SWH according to our assumption) is shown in panel (a) of Figure 3-3 for the period from 

2nd December 2018 to 31st January 2019. The SDD (or in fact the “random error” based on our 

assumption that analyses of ALL5 is a representation of the truth) is very small (lower than 10 cm) 

in most of the Tropics. The tracks of tropical cyclones manifest themselves as higher SDD values. In 

the extra-tropics, where active storms take place, the SDD values are higher. 
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Figure 3-1: Impact of assimilating SWH from (a) Sentinel-3B (experiment S3B) and (b) five satellites (Sentinel-

3A, Sentinel-3B, CryoSat-2, SARAL/AltiKa and Jason-2, exp. ALL5) compared to the no-data (ND) experiment 

presented as the mean difference in metres over the period from 1 December 2018 to 31 January 2019. 
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Figure 3-2: As in Figure 3-1 but the impact is presented as the SWH standard deviation of the difference (SDD) 

in metres. 
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(a)

    

 

(b)

    

Figure 3-3: The SWH standard deviation of the difference (SDD), in metres, between 1-day forecast of (a) 

experiment ALL5 (Sentinel-3A, Sentinel-3B, CryoSat-2, SARAL/AltiKa and Jason-2) and (b) experiment ND (no 

data assimilation) compared to the best state of SWH which is assumed here to be the analysis of experiment 

ALL5 for the period from 2 December 2018 to 31 January 2019. 
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Panel (b) of Figure 3-3 shows the geographical distribution of the SWH SDD for the 1-day forecast 

from experiment ND (no data assimilation) compared to the analysis of experiment ALL5 for the 

same period. The error (SDD) is still small in the Tropics compared to the extra-tropics. However, 

the values of the errors are higher in the ND case compared those seen in panel (a) for ALL5 1-day 

forecast.  

Figure 3-4 shows similar maps to those in Figure 3-3 but for the 2-day forecasts. As expected, the 

SDD (i.e. the error) increases compared to 1-day forecasts.  

Another useful statistical measure that can be used as an indication of error is the scatter index which 

is the SDD normalised by the mean of the verifying data set. Figure 3-5 shows the geographical 

distribution of the scatter index (in percentage) of the 3-day forecasts from 4 experiments, namely: 

ND - no-data experiment (panel a), S3B - Sentinel-3B experiment (panel b), S3AB - Sentinel-3A and 

B experiment (panel c) and ALL5 - the five-altimeter experiment (panel d). Although the differences 

among the 4 plots are not large, one can still notice some variations. Due to the normalisation, areas 

which are dominated by small SWH conditions show themselves with high values of scatter index. 

This happens mainly in coastal areas and small enclosed seas. 

Since Jason-3 SWH data were left out of our experiments presented in this Sub-section, it becomes 

possible to use them as an independent verifying data set, although it is worth noting that the 

independence may be reduced since Jason-3 data show similar characteristics to those of Jason-2 

which is used in data assimilation. Any systematic errors that exist in both data sets, will create 

correlations and adversely impact the independence of the Jason-3 data. 

Figure 3-6 shows the scatter index (SI) of SWH analyses (which is represented as forecast range 0) 

and forecasts from all experiments summarised in Table 3-1 compared to Jason-3 data over the whole 

global oceans for the period from 1st December 2018 to 31st January 2019. With the assumption now 

that Jason-3 data represent the truth, the scatter index is a measure of the random error. The more data 

that are used in the assimilation the lower the scatter index and the lower the random error is. The 

random error increases with the forecast range as one would expect. After 2-3 forecast days, the 

differences in the random among all experiments become marginal irrespective of the amount of the 

data or the analysis random error. The main reason for this saturation is the fact that the wave model 

is a forced system and, therefore, its error is dictated to a large extent by the errors in the driving 

atmospheric conditions (surface winds). 

The random-error reduction index (RER) is a simple index that quantifies the impact of data 

assimilation. It is defined as: 

         RER=100*(SDDH-V - SDDM-V)/SDDH-V                   (1) 

where SDDH-V is the standard deviation of the difference between the hidcast run (model run without 

data assimilation) and the verifying data set (Jason-3 data in the current example) while SDDM-V is 

the standard deviation between the model run and the verifying data set. It quantifies the impact of 

data assimilation with positive sign means improvement and vice versa for the negative sign. 
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Figure 3-4: As in Figure 3-3 but for 2-day forecast with the period covered is reduced by one day (start on 3 

December rather than 2 December). 
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(b)

    

Figure 3-5: The SWH scatter index (SDD normalised the mean of verifying data), as percentage, between 3-day 

forecast of (a) experiment ND (no data assimilation), (b) S3B (assimilation of Sentinel-3B SWH data), (c) S3AB 

(assimilation of SWH data from the two Sentinel-3 altimeters), and (d) ALL5 (assimilation of SWH data from 

Sentinel-3A, Sentinel-3B, CryoSat-2, SARAL/AltiKa and Jason-2) compared to the best state of SWH which is 

assumed here to be the analysis of experiment ALL5 for the period from 4 December 2018 to 31 January 2019. 
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(d)

    

Figure 3-5 (Continued). 
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Figure 3-6: Scatter index of SWH analyses (forecast range 0) and forecasts from all experiments compared to 

Jason-3 data over the whole global oceans visited by Jason-3 for the period from 1 December 2018 to 31 January 

2019. 

 

Figure 3-7: Random error reduction in SWH from all experiments compared to the experiment without data 

assimilation as verified by Jason-3 SWH data over the whole global oceans visited by Jason-3 for the period from 

1 December 2018 to 31 January 2019. 
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Figure 3-7 shows the random error reduction in SWH from all experiments, compared to the 

experiment without data assimilation, as verified using Jason-3 SWH data over the whole global 

oceans for the period from 1st December 2018 to 31st January 2019. Data from each Sentinel-3 

altimeter reduce random error at analysis time globally by 9% with Sentinel-3B slightly more 

effective. The impact of the two altimeters when used together increases the error reduction to about 

15%, which is less than a linear addition but rather a 50% increase. Using three altimeters, which are 

in this case the three non-Sentinel altimeters (Jason-2, CryoSat-2 and SARAL/AltiKa) reduce the 

random error at analysis time by 18% (and additional of 2-3% compared to the two-altimeter case). 

The use of data from 5 altimeters reduce the error at analysis time by 22%. Roughly speaking, if data 

from one altimeter provides a unit of improvement, adding another altimeter provides roughly half 

that of the first. A third altimeter adds about 25% of the impact of the first and so on. Globally, the 

impact of data assimilation, as represented by random error reduction in Figure 3-7, reduces 

exponentially in the forecast and becomes very marginal after 2-3 days. 

Figure 3-8 shows the SWH scatter index of all experiments against Jason-3 SWH data in the Tropics, 

which are defined as the area extended from latitude 20°N to latitude 20°S. In line with what the maps 

suggest, the scatter index values are lower in the Tropics compared to the global values. The 

differences between the scatter index curves in Figure 3-8 last longer in the forecasts.  

The evolution of the random error reduction against Jason-3 SWH data in the forecast range is plotted 

in Figure 3-9 for the tropical oceans. While the impact of assimilation is slightly less effective at 

analysis time compared to the global impact, the impact of assimilation in the Tropics lasts longer in 

the forecasts. The impact of SWH data assimilation lasts 4-5 days in the forecasts. 

A true independent data set for the verification of experiments listed in Table 3-1 is the in-situ (buoy) 

data set. Unfortunately, most of those data are available from locations around the European and 

Northern American coasts. Therefore, this type of data only samples parts of the Northern 

Hemisphere. The SWH scatter plots from all of the experiments summarised in Table 3-1, as 

evaluated using the buoy data at the location of the buoys (see Sub-section 3.4 for their typical 

locations) during the period from 1st to the 31st December 2018 are shown in Figure 3-10. The 

corresponding random error reduction curves are shown in Figure 3-11. Keeping in mind their limited 

geographical coverage, the conclusions that can be derived from those curves are not different from 

those that have been already derived using Jason-3 and ALL5 analysis. 

A large number of the buoys also measure mean or peak wave period. This type of independent data 

set can be used for the verification. The mean wave period scatter plots from all of the experiments 

listed in Table 3-1, as evaluated using the buoy data at the location of the buoys (see Sub-section 3.4 

for their typical locations) during the period from 1st to the 31st December 2018 are shown in Figure 

3-12, while their corresponding random error reduction curves are shown in Figure 3-13. Similarly, 

the scatter plots of peak wave period evaluated using the buoy data at the location of the buoys for 

the same period are shown in Figure 3-14. Their corresponding error reduction curves are plotted in 

Figure 3-15. One needs to keep in mind the limited geographical coverage of the buoy data and the 

fact that not all of them report wave period. 

The mean wave period plots show similar results to those shown by the significant wave height 

verifications. They confirm that Sentinel-3B is more effective in reducing mean wave period random 

error compared to Sentinel-3A. The surprise is that the NS3 (the 3 non-Sentinel experiment) is less 

effective than each Sentinel-3’s to reduce mean wave period random error. It is difficult to make 

proper statements from the peak wave period verification results. The experiment with the two 

Sentinel-3 data seems to be the most effective in reducing the peak period random error. 
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Figure 3-8: As in Figure 3-6 but for the Tropics (20°N - 20°S). 

 

 

Figure 3-9: As in Figure 3-7 but for the Tropics (20°N - 20°S). 
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Figure 3-10: As in Figure 3-6 but the verification is done against in-situ (buoy) data. Note that most of the buoy 

data are collected around the European and North American coasts. 

 

Figure 3-11: As in Figure 3-7 but for but the verification is done against in-situ (buoy) data. Note that most of the 

buoy data are collected around the European and North American coasts. 
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Figure 3-12: As in Figure 3-10 but the mean wave period is verified against in-situ (buoy) data. 

 

 

Figure 3-13: As in Figure 3-11 but the mean wave period is verified against in-situ (buoy) data. 
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Figure 3-14: As in Figure 3-10 but the peak wave period is verified against in-situ (buoy) data. 

 

  

Figure 3-15: As in Figure 3-11 but the peak wave period is verified against in-situ (buoy) data. 
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3.4. Combined assimilation of in-situ and satellite SWH data in a global wave 
model 

In the past a limited amount of effort has been dedicated to the assimilation of in-situ wave data in 

global wave model. Being too close to the coast, the impact of such data would be likely be very 

limited, i.e. to just a few hours. This is useful for the wave nowcasting applications and for limited 

area models. Kalyani et al. (2017) and Holthuijsen et al. (1997) are just two examples of those efforts.  

Within the context of the CEASELESS project, assimilation of in-situ wave data in combination of 

satellite data is assessed. Therefore, several stand-alone wave model experiments were carried out. 

The model configuration is like that described in Sub-section 3.3. The main difference is the use of 

hourly analysis and hourly forecasts. To achieve the hourly analysis, it was necessary to furnish the 

stand-alone configuration of ECWAM with the ECMWF Observational Database (ODB) capabilities. 

This was done using an earlier model version which implements the model physics that will retire 

soon. There were a few technical difficulties to overcome in order to implement the ODB technical 

changes in the new model version. Therefore, the necessary parameters to activate the new model 

physics within the old model version were set and that version was used. 

For this experiment set, in-situ measurements were carefully selected and passed through a quality 

control process. In total 199,766 in-situ measurements from 355 unique individual measuring stations 

covering the whole month of October 2018 were collected. The locations of the measuring stations 

are shown on the global map in Figure 3-16. The results of the numerical experiments listed in Table 

3-2 are presented and discussed here. 

The geographical distribution of the mean difference between SWH analysis fields from the 

experiment that assimilates in-situ SWH data (experiment B) and the fields from the no-data (ND) 

experiment over the period from 1 to 31 October 2018 is shown in Figure 3-17. The impact of in-situ 

data assimilation in the analysis is limited to the area surrounding each buoy. There are areas with 

systematic over-/under-estimations compared to the buoys. Figure 3-18 shows the geographical 

distribution of the standard deviation of the difference (SDD) between the SWH from both 

experiments. The main impact is again within a limited area around the buoys, although also seems 

to reach (SDD between 1 and 5 cm) beyond the area around the buoy locations. However the impacts 

are very small and seems to be noise rather than genuine signal. 

 

Table 3-2: Experiments for assessing the impact of assimilating in-situ wave height data. 

Exp. ID Experiment Deviation from default configuration 

h4pr No-Data (ND) Model hindcast with data assimilation switched off. 

h4ps Buoy (B) Assimilating SWH from in-situ measurements. 

h4pt Altimeter (A) Assimilating SWH from all altimeters (Sentinel-3A, Jason-3, 

Jason-2, CryoSat-2, SARAL/AltiKa). 

h4pu Combined (C) Assimilating SWH from in-situ and altimeter measurements 

(data of B and A combined). 
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Figure 3-16: Locations of the unique measuring stations used in the buoy assimilation experiments. 

 

 

Figure 3-17: Impact of assimilating SWH from in-situ measurements (experiment B) compared to the no-data 

(ND) experiment presented as the mean difference, in metres, over the period from 1 to 31 October 2018. 
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Figure 3-18: Impact of assimilating SWH from in-situ measurements (experiment B) compared to the no-data 

(ND) experiment presented as the standard deviation of the difference, in metres, over the period from 1 to 31 

October 2018. 

 

The geographical distributions of the mean difference and the SDD between SWH analysis fields 

from the altimeter assimilation experiment and the fields from the ND experiment over the period 

from 1st to 31st October 2018 are shown in panels (a) of Figure 3-19 and Figure 3-20 respectively. 

The geographical distribution of the corresponding normalised SDD (known as scatter index) is 

shown in panel (a) of Figure 3-21. Unlike the in-situ assimilation, the impact of altimeter assimilation 

is widespread and covers the whole global ocean. Panel (a) of Figure 3-19 shows areas with very 

small impact giving the impression that altimeter data assimilation is not effective there. Panel (a) of 

Figure 3-20, however, shows considerable variability with respect to no-assimilation results and 

therefore demonstrates that altimeter data assimilation is effective almost everywhere. Some of the 

areas with small SDD values, especially in enclosed seas, show high scatter index (normalised SDD) 

values as can be seen by comparing panel (a) from Figure 3-21 to panel (a) of Figure 3-20. 

The impact of the combined in-situ and buoy SWH data assimilation for the same period can be seen 

in panels (b) of Figure 3-19, Figure 3-20 and Figure 3-21 for the mean difference, the SDD and the 

normalised SDD, respectively. Comparing panels (b) of Figure 3-19, Figure 3-20 and Figure 3-21 to 

panels (a) in each figure reveals the impact of assimilating of in-situ measurements on top of altimeter 

data. The enhanced impact of data assimilation in the case of the combined experiment (panels b of 

Figure 3-19, Figure 3-20 and Figure 3-21) cannot be missed especially around the buoy locations 

(refer to Figure 3-16 for their locations). 
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(b)

    

Figure 3-19: Same as in Figure 3-17 but for (a) the altimeter data assimilation experiment (experiment A) and 

(b) the combined in-situ and altimeter data assimilation experiment. 
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Figure 3-20: Same as in Figure 3-18 but for (a) the altimeter data assimilation experiment (experiment A) and 

(b) the combined in-situ and altimeter data assimilation (C) experiment.  
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Figure 3-21: Impact of assimilating SWH from (a) altimeter measurements (experiment A) and (b) combined in-

situ and altimeter measurements (experiment C) compared to the no-data (ND) experiment presented as the 

normalised SDD (scatter index), in percent. The period covered is from 1 to 31 October 2018. 
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Figure 3-22, Figure 3-23, Figure 3-24 and Figure 3-25 show the geographical distribution of the SDD 

between each of the three assimilation experiments (B, A and C) at 1-day, 2-day, 3-day and 4-day 

forecasts, in respective order, with respect to the corresponding forecast of the no-data experiment 

during the whole month of October 2018. Panels (a), (b) and (c) in each figure show the SDD of the 

in-situ assimilation, altimeter assimilation and the combined data assimilation, respectively. The high 

and focused SDD patterns in the 1-day forecast maps start to fade away in the subsequent forecasts. 

The impact of in-situ data assimilation extends well beyond the location of measurements as can be 

seen in panel (a) of each one of the four figures. However, the impact away from the buoy locations 

is very small (SDD of 1-2 cm). Most of the Southern Hemisphere (SH) is not impacted by the 

assimilation of in-situ data except where there are active measurements especially the buoys around 

New Zealand and Réunion Island. The buoys offshore Brazil do not have any impact, though.  

While the impact of altimeter assimilation lives for at least for 4 days, especially in the Tropics, its 

intensity reduces considerably. On the other hand, the impact of in-situ data assimilation becomes 

negligible after two days although its traces live for at least 4 days. 

As argued in Sub-section 3.3, data used in data assimilation cannot be considered independent for 

verification of the analyses. Doing so is in fact just a check that the data assimilation scheme works 

and does not provide any statement related to the validity of the analysis fields themselves. However, 

it is possible to use the same data for the verification of the forecasts. Furthermore, the best available 

analysis which assimilates the larger amount of data can considered as a good representation of the 

truth. 

Figure 3-26, Figure 3-27, Figure 3-28, Figure 3-29 show the geographical distribution of the SWH 

SDD from the 1-day, 2-day, 3-day and 4-day forecasts, respectively, of the three assimilation 

experiments compared to the analysis of the combined buoy-altimeter data assimilation experiment 

as it used the largest amount of data. Assuming that the analysis of the combined buoy-altimeter 

experiment is very close to the truth, the SDD with respect to the analysis field from this experiment 

is a good estimate of the random error. At day 1 in the forecast, the random error (SDD with respect 

to analysis of the combined experiment) is very small especially in the Tropics. The forecast from the 

combined data show the lowest random error. Higher errors can be seen in stormy regions especially 

the tropical cyclone belts. The errors grow with the increase of the forecast range. They reach very 

high values at 4-day lead times and beyond. Comparing panels (b) and (c) of Figure 3-29, it is clear 

that adding buoy data does not provide any extra benefit to the altimeter alone assimilation at day 4 

and beyond. 

Since in-situ SWH data have been used in data assimilation, the advantage of these data as an 

independent source for verification of SWH analyses from this set of experiments is lost. For the 

validation of wave period however, the in-situ data remain an independent data set for verification. 

Furthermore, these data are still useful for validating the forecast SWH. Figure 3-30 shows the scatter 

index of SWH analyses (at the zeroth forecast range) and forecasts from the four experiments with 

respect to all available in-situ SWH data for the period between 1st and 31st October 2018. Note that 

the scatter index of the model analyses when the buoy data are assimilated is not a good measure of 

skill. The scatter indices of the forecasts are valid nevertheless, since the in-situ data used for 

verification is data that the model did see when the forecast was issued. The scatter index at analysis 

time for the two experiments that used in-situ data (experiments B and C) is as low as 8% and then 

jumps to more than 12% in 6 hours before they get closer to the scatter index from the altimeter 

assimilation (A) experiment at 12 hours in the forecast. The scatter indices from the three assimilation 

experiments are lower than the scatter index from the no-data experiment for forecast ranges below 

30 hours.  
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Figure 3-22: The enhancement in the 1-day SWH forecasts, in metres, that assimilating in-situ adds on top of 

altimeter data assimilation. Shown are 1-day forecast SWH after assimilating (a) buoy data only (b) altimeter 

data only, and (c) combined buoy-altimeter data. Period: 1-31 October 2018. 
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Figure 3-23: Same as in Figure 3-22 but for 2-day forecasts. 
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Figure 3-24: Same as in Figure 3-22 but for 3-day forecasts. 
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Figure 3-25: Same as in Figure 3-22 but for 4-day forecasts. 
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Figure 3-26: Verification of 1-day SWH forecasts as SDD, in metres, against the best model analysis (the 

combined experiment). Shown are 1-day SWH SDD after assimilating (a) buoy data only (b) altimeter data only, 

and (c) combined buoy-altimeter data. Period: 1-31 October 2018. 
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Figure 3-27: Same as in Figure 3-26 but for 2-day forecasts. 
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Figure 3-28: Same as in Figure 3-26 but for 3-day forecasts. 
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Figure 3-29: Same as in Figure 3-26 but for 4-day forecasts. 
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The evolution of SWH random error reductions, as defined in (1), computed for the three assimilation 

experiments when compared to the experiment without data assimilation and as verified by in-situ 

SWH data from all available in-situ data for the whole month of October 2018, for analyses and 

forecasts, are shown in Figure 3-31. Due to the incestuous use of in-situ data for both assimilation 

and verification, the random error reduction of buoy-assimilation and the combined-buoy-altimeter-

assimilation shoot out at analysis time to values around 44%. Due to the limited geographical 

coverage of buoy data and to their proximity to the coasts, their impact diminishes much faster than 

the impact from altimeter data. However, adding buoy data to altimeter data improves their impact. 

Verification of the impact of buoy assimilation against altimeter (Sentinel-3, Jason-3, Jason-2, 

CryoSat-2, and SARAL/AltiKa) data is too small due to the limited geographical coverage of buoy 

data. Instead, the North Sea, which has a dense in-situ network, was selected as an example for the 

verification of the experiments (CryoSat-2 do not work in LRM mode over the North Sea and 

therefore it was not available for verification). Figure 3-32 and Figure 3-33 show the evolution in the 

forecast range of the SWH scatter index and the SWH random error reduction with respect to the 

altimeter data, respectively. Due to the incest, the altimeter-assimilation experiment shows very low 

scatter index (~9%) and high error reduction (28%) at analysis time. These values become comparable 

with those from the buoy-only assimilation and the no-data experiments within 12 hours. According 

to Figure 3-32 and Figure 3-33, the North Sea retains the impact due to assimilating in-situ data for 

more than 24 hours. Furthermore, when combined with altimeter data the impact of data assimilation 

within 24 hours improves. 

 

 

Figure 3-30: Scatter index of SWH analyses (forecast range 0) and forecasts from all experiments compared to 

all available in-situ data for the period between 1 and 31 October 2018. 
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Figure 3-31: Random error reduction in SWH from all experiments compared to the experiment without data 

assimilation as verified by in-situ SWH data from all available in-situ data for the whole month of October 2018. 

Note that the random error reduction of buoy-assimilation and the combined-buoy-altimeter-assimilation shoot 

out at analysis time to the values shown. 

 

 

Figure 3-34 shows the evolution of mean wave period scatter index from the four experiments with 

respect to buoy data for the whole month of October 2018. The evolution of the corresponding mean 

wave period random error reduction from the three assimilation experiments is shown in Figure 3-35. 

The lowest scatter index and the highest error reduction are achieved with the analyses of the 

experiments involving the assimilation of buoy data. There should not be any incest impact as the 

buoy wave period is not assimilated in any of the experiments. However, it is possible to think that 

since the verification is done at the same location as the assimilation, a kind of correlation may be 

developed causing a weak incest. The impact of buoy assimilation on mean wave period lasts for 

more than 36 hours in the forecast range. Adding buoy data to altimeter data also improves, slightly, 

the model forecasts. 

Verification of peak wave period is done against available in-situ measurements. Figure 3-36 shows 

the evolution of peak wave period scatter index from the four experiments with respect to in-situ data 

for the whole month of October 2018. The evolution of the corresponding peak wave period random 

error reduction from the three assimilation experiments is shown in Figure 3-37. The results from 

both figures are surprising since they suggest that data assimilation deteriorates peak wave period. 

The more data is added to the system the larger the deterioration becomes. This issue is under 

investigation.  
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Figure 3-32: As in Figure 3-30 but the validation is done against altimeter SWH data in the North Sea. 

 

 

Figure 3-33: As in Figure 3-31 but the validation is done against altimeter SWH data in the North Sea. 
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Figure 3-34: As in Figure 3-30 but the validation is done for the mean wave period against in-situ data where 

available. 

 

 

Figure 3-35: As in Figure 3-31 but the validation is done for the mean wave period against in-situ data where 

available. 
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Figure 3-36: As in Figure 3-30 but the validation is done for the peak wave period against in-situ data where 

available. 

 

 

Figure 3-37: As in Figure 3-31 but the validation is done for the peak wave period against in-situ data where 

available. 
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The use of ODB facilitates the use of observations and their model counterparts for statistical analysis 

(and plotting). The statistics regarding the first-guess (FG) departures and analysis (AN) departures 

is useful to assess the data assimilation process. The departure is the term used to describe how much 

the model deviates from the data. The histogram or the probability density function (PDF) of the FG 

and the AN departures from the in-situ assimilation experiment and the altimeter assimilation 

experiment are shown in Figure 3-38. To ease the comparison, the PDF plots in Figure 3-38 are 

plotted in a continuous manner using a logarithmic scale of the vertical axis and presented in Figure 

3-39. 

The good news is that all the 4 PDF’s are almost symmetric around the zero departure. Note that there 

is a slight skewness of all PDF’s towards high positive values. The second desirable property is that 

the PDF of the AN departures is narrower than that of the FG departures, which is the case in Figure 

3-38. There are considerable differences between the PDF’s of FG departures from the in-situ and the 

altimeter assimilation experiments. The altimeter experiment FG departure PDF is wider and less 

peaked. This can be explained by the fact that while the buoys are at fixed locations in the Northern 

Hemisphere, they all witness almost the same climate explaining the narrower distribution. The 

altimeters on the other hand provide global coverage always and thus sample all climates explaining 

the wider distribution. Note that the PDF’s of the AN departures from both experiments are very close 

to each other. 

 

 

 

Figure 3-38: The probability density functions (PDF’s) of SWH first-guess and analysis departures for the in-situ 

(buoy) and altimeter data. 
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Figure 3-39: Same as in Figure 3-38 with PDF’s are plotted as continuous curves using a logarithmic scale. 

 

 

3.5.Conclusions 

Wave model and data assimilation experiments were conducted in stand-alone configuration to assess 

the impact of assimilating Sentinel-3 significant wave height (SWH) data. The experiments 

implement the modified model physics, which will be implemented operationally at ECMWF shortly 

to improve its predictions. The results show that assimilating Sentinel-3 SWH results in positive 

impact in the analysis and forecasts. When combined, assimilation of Sentinel-3A and Sentinel-3B 

SWH produce an impact equivalent to the impact produced by assimilating three of the older 

satellites: CryoSat-2, SARAL/AltiKa and Jason-2 (note that during the period considered Jason-2 was 

in the safe mode for about 10 days). The next step is to verify the positive impact using coupled 

atmospheric-wave system. Experiments verifying the assimilation of Sentinel-3A were already 

conducted. This is mainly assessing the impact of Sentinel-3B. 

Another set of experiments were dedicated to assessing the impact of assimilating wave in-situ 

measurements. The in-situ network covers mainly the European and North American coastlines. 

However, since they do not move, they provide persistence of measurements. The ECMWF 

Observational DataBase (ODB) was introduced to the stand-alone wave model in order to enable an 

hourly data assimilation. The experiments implement the present model physics run operationally at 

ECMWF. The results show that although the impact of assimilating in-situ SWH data is limited both 

in space and through the forecast range, such impact improves the model analysis and forecasts when 

added on top of altimeter data. However, there was an issue with the deterioration of the wave peak 

period due to data assimilation. This issue is under investigation. Further experiments to cover a 

longer period are needed. In addition, an automated data selection and quality control needs to be 

developed. Coupled experiments need to be conducted to assess the impact on the wave and 

atmospheric state in the analysis and forecasts.  

Once the coupled experiments verify the positive impact seen from Sentinel-3, this will be 

implemented in the ECMWF operational forecasting. Later, this development will be made available 

to the Copernicus Climate Change Service (C3S) for possible implementation in their reanalysis 
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system. For the in-situ assimilation, after sorting out the issue of peak period deterioration, 

implementing an automated selection and quality control procedure of the in-situ data, and verifying 

the positive impact within the coupled system, this will be implemented in operational ECMWF 

system. Later, this development will be made available to C3S for possible implementation within 

their reanalysis system. 
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4.  ASSIMILATION IMPACT FOR WAVES FOR WAVES AT 
REGIONAL/COASTAL SCALES: EFFECTS OF REMOTE SENSED DATA (HZG) 

4.1.  Remote sensed data assimilation for a regional wave model 

The HZG regional study aims to quantify the influence of assimilating satellite altimeter products, as 

available from the Copernicus Marine Environment Monitoring Service (CMEMS), on the quality 

and system memory of wave model predictions of a primary user variable, i.e. the significant wave 

height. For this case, the regional domain is focused on the GCOAST area, covering seas of the 

northwest European continental shelf, including the North Sea and German Bight, plus the Baltic Sea. 

In this case, a sequential Optimal Interpolation (OI) scheme, typical of operational wave data 

assimilation systems (Lefevre and Aouf, 2012) is used to generate the assimilated corrections to the 

significant wave height variable. 

 

4.2. Model description  

The wave model used in the CEASELESS project is the third-generation wave model WAM. This 

model solves the wave transport equation explicitly without any presumptions on the shape of the 

wave spectrum. It represents the physics of the wave evolution in accordance with our knowledge 

today for the full set of degrees of freedom of a two-dimensional wave spectrum. WAM computes 

the two-dimensional wave variance spectrum through integration of the transport equation in 

spherical coordinates: 

 

  (1) 

 

with 

 

 

as the wave energy density spectrum, where (, ) correspond respectively to longitude, latitude, and 

(, ) are respectively intrinsic frequency and wave direction. For each of these variables the transport 

terms are as follows: 

 

 

 

 

 

The source functions (S) on the right of the transport equation comprise the contributions of wind 

input (Sin), nonlinear interaction (Snl), dissipation (Sdis), bottom friction (Sbf) and wave breaking (Sbr): 

S = Sin + Snl + Sds + Sbf + Sbr 

A full description is given by the WAMDI group (1988), Komen et al. (1994), Günther et al. (1992) 

and ECMWF (2018). For this study the model was based on WAM Cycle 4.6.2 that runs in shallow 

water mode, including depth refraction and wave breaking. 
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The regional model is defined on a grid situated between 40.0667° N to 65.93336° N and -19.8889° 

W to 30.16666° E, with a spatial distribution of Δφ * Δλ = 2 * 3:20 minutes (~ 3,5 km). The two-

dimensional energy density spectrum is calculated at each of the 318745 active model grid points in 

the frequency/direction space. The solution of (1) is provided for 24 directional bands at 15° each, 

starting at 7.5° and measured clockwise with respect to true north, and 30 frequencies logarithmically 

spaced from 0.042 Hz to 0.66 Hz at intervals of Δf/f = 0.1. At its open boundaries, the regional wave 

model uses the full two-dimensional spectral information provided by a North Atlantic wave model 

(spatial resolution 0.25° * 0.25°). The driving forces are the ERA-5 U10 wind fields delivered by the 

atmosphere model IFS of the ECMWF with a spatial resolution of 0.25° * 0.25°. The underlying 

bathymetry is based on a manually improved version of the one-minute global GEBCO topography.  

 

4.3.Remote sensing and in-situ data used  

For the data assimilation the significant wave height measured with four different satellites are used. 

This includes Sentinel-3A, which was launched in February 2016 and repeats the each cycle every 27 

days (https://sentinel.esa.int/web/sentinel/missions/sentinel-3/overview/mission-summary). 

CryoSat-2 was launched in April 2010 (https://earth.esa.int/web/guest/missions/esa-eo-

missions/cryosat/mission-summary). This satellite repeats each cycle every 369 days. The launch of 

Jason-3 was in January 2016 and its revisiting time is 10 days 

(https://www.eumetsat.int/website/home/Satellites/CurrentSatellites/Jason3/index.html). All three 

satellites carry SAR/Interferometric Radar Altimeter for measuring significant wave height. 

Saral/AltiKa, however, launched in February 2013 and with a repeat cycle of approximately every 35 

days carries a Ka-band altimeter radiometer to measure the significant wave height (https://altika-

saral.cnes.fr/en/SARAL/index.htm). For the assimilation experiments, the significant wave heights, 

recorded by the radar altimeters of Sentinel-3a, Jason-3, Cryosat-2 and Saral/Altika, are directly taken  

from  the recently developed CMEMS product repository: 

WAVE_GLO_WAV_L3_SWH_NRT_OBSERVATIONS_014_001. Altimeter wind speed data 

unfortunately was not available for these experiments.  

Most of the in-situ measurement data used in this study are taken from the Global Telecommunication 

System (GTS). They are obtained and archived at the European Centre for Medium-Range Weather 

Forecasts (ECMWF) (Bidlot and Holt, 2006) or are gathered by the ECMWF as part of the Joint 

Technical Commission for Oceanography and Marine Meteorology (JCOMM) wave forecast 

verification project (Bidlot et al., 2002). In addition, in-situ wave buoy data of significant wave height 

and 2D spectra provided by the Federal Maritime and Hydrographic Agency (Bundesamt für 

Seeschifffahrt und Hydrographie, BSH) are used for this study. The data come either from moored 

wave data buoys, anchored at fixed locations to serve national forecasting needs, or instruments 

mounted on platforms or rigs of the oil and gas industry, kindly supplied to the meteorological 

community.  

For purposes of wave data assimilation (observation operator) and verification the wave height 

measurements are collocated with the model data using the closest grid point to the location of the in-

situ measurement. The time window during the hindcast runs is one hour, so that the maximum 

disagreement in time between model and measurement is half an hour (about 1.8 km in space). The 

assimilation cycle for the hindcast runs was one-hourly. 

 

https://sentinel.esa.int/web/sentinel/missions/sentinel-3/overview/mission-summary
https://earth.esa.int/web/guest/missions/esa-eo-missions/cryosat/mission-summary
https://earth.esa.int/web/guest/missions/esa-eo-missions/cryosat/mission-summary
https://www.eumetsat.int/website/home/Satellites/CurrentSatellites/Jason3/index.html
https://altika-saral.cnes.fr/en/SARAL/index.htm
https://altika-saral.cnes.fr/en/SARAL/index.htm
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4.4.System Memory at Regional /Coastal Scales 

4.4.1. Experimental method 

In a first step, a (control) wave model run on the GCOAST model grid was performed as a free run 

without assimilation of measurements for the for the 6-month time period 20180101 – 20180701. In 

a second step radar altimeter satellite data, that were available for that time period, were assimilated 

into the simulated wave fields using a sequential optimum interpolation scheme. Three assimilation 

runs were made, in order to assess the impact of varying volumes of satellite data; two runs were 

made using the assimilation with a single satellite only (Jason-3 and Sentinel-3a), whilst a further run 

used all data recorded by the radar altimeters of the four satellites Jason-3, Sentinel-3a, Cryosat-2 and 

Saral/Altika. Results of the regional wave model are stored every hour in all cases. In comparison 

with the results of the control run, the influence of the assimilated data on the model were checked 

against in-situ observations as an independent ‘truth’ for verification. Verification against subsequent 

wave forecasts in the assimilating runs provide a test of the memory of the waves for this regional 

scale.  

 

4.4.2. Effect of data assimilation on significant wave height 

Figure 4-1 shows scatter plots for GTS measurement data of significant wave height against modelled 

significant wave height with WAM. The significant wave height of WAM without the assimilation 

of satellite data is already in quite good agreement with the in-situ measurements (Figure 4-1a). For 

the assimilating runs (Figure 4-1b and c), the general statistics and, therefore, the general performance 

of the wave model is not much influenced by the data assimilation of satellite significant wave height 

data. The difference in statistics between assimilating the data of one satellite into the wave model 

(Figure 4-1b) or all four available (Figure 4-1c) is very small and does not affect the general model 

results. The RMSE and the bias is about 1cm smaller for the model simulation with data assimilation 

of all four satellites compared to no assimilation. The scatter index is decreased by 0.2% and the 

correlation is increased by 0.1%. These values are very small considering that the data of four 

satellites is assimilated into the wave model. 

As a case study of system memory for a specific forecast location, Figure 4-2 examines the effects of 

assimilation at a buoy located in the North Sea, between Scotland and the coast of Norway. The time 

series of significant wave height show good agreement between the measurements and the model 

simulations until the peak of the storm (Figure 4-2a). During that period the effect of data assimilation 

is not visible. After the storm, however, the wave model underestimates the significant wave height 

compared to the measurements. Here, the effect of the assimilation of the satellite data into the wave 

model become apparent. When the satellite passes, the significant wave height of the wave model is 

adjusted toward the measured one. This effect, though, vanishes quite fast and the modelled 

significant wave heights converge again. 

To assess the system memory for significant wave height further, Figure 4-2b shows the mean 

difference between the assimilating runs and the control, for all locations where satellite data were 

assimilated; from the time of the assimilation to up to 8 hours afterwards. In addition, the standard 

deviation added to the mean are provided in order to illustrate the variability of the model corrections. 

This shows quite clearly, that the effect of the assimilation vanishes after 2 to 3 hours after the 

assimilation took place. Therefore, the system memory in this coastal area is around 2 to 3 hours. For 

this result, it makes no odds whether assimilating all available satellites into the wave model or just 

assimilating the data of one satellite. 
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(a) (b)  

(c)  

Figure 4-1: Q–Q scatter plot for measured (GTS wave data) significant wave height as reference (R) and 

modelled (WAM) significant wave heights (M): (a) without data assimilation; (b) with data assimilation of data 

from Jason-3; and (c) with data assimilation of data from all satellites for January 2018: Q–Q plot (black 

crosses), 45∘ reference line (blue line) and least-squares best-fit line (red line). 

 

 

(a) (b)  

Figure 4-2: (a) Time series of significant wave height at a buoy in the northern part of the North Sea and (b) the 

impact of the data assimilation as a function of the hours after the assimilation. 
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4.4.3. Effect of data assimilation on other integrated parameters 

Figure 4-3 examines the effect of the data assimilation on a number of wave parameters integrated 

from the wave spectrum, in addition to significant wave height, by plotting the control and the 

assimilating run using Sentinel-3a against observations from the spectral wave buoy at Helgoland. 

The period shown covers May 2017. On 13th May 2017 18:15 UTC the satellite passed the location 

of the buoy very closely. However, for both this data and the month of May generally, parameter 

changes due to the data assimilation are minor. In part, this may be due to an overall lack of impact 

from the satellite based data assimilation corrections. Although the significant wave height of the 

model overestimates the one from the buoy observations, the data assimilation has no significant 

effect on the modelled significant wave height (Figure 4-3a). The comparisons with the other 

integrated parameters show similar results. The assimilation does not provide a noticeable change. 

The same conclusion was drawn following similar analyses of other time-series at this location (not 

included here).  

 

4.4.4. Assessment of the spectral data model versus in-situ observations 
On 13th May 2017 18:15 UTC when the satellite passed the location of the Helgoland buoy closely 

for the data assimilation time, the significant wave height is small (0.5m to 1m, Figure 4-3a). 

Therefore, the maximum energy is quite small with 0.32 (Figure 4-4a), but at this time the changes 

due to the assimilation are the most visible. The peak of the spectrum for the assimilation run (red 

lines) is closer to the observations. The energy spectrum of the DA runs is different than the WAM 

one and two hours after the satellite data is assimilated into the system (Figure 4-4b and Figure 

4-4c). However, 3 hours after the assimilation the spectra of the model simulation with and without 

data assimilation are similar again. The same time period of the memory of the system can also be 

seen in changes in significant wave height (Figure 4-2b).  

 

4.5.  Conclusions 
For a regional wave model, based on WAM and covering the northwest European continental shelf 

and Baltic Sea, assimilation of satellite altimeter data from Jason-3, Sentinel-3a, Cryosat-2 and 

Saral/Altika missions has been shown to have a small positive influence on model verification 

statistics. However, the system memory for the assimilation is shown to be very short-lived, on the 

order of 2-3 hours. 

Case study analyses of the assimilation effects suggests that part of the reason for these limited 

impacts may be the relative sparseness of satellite passes, which only influence the model over a 

small area and timespan and with relatively infrequent repeat cycles. Nevertheless, increasing 

volumes of satellite data used in the assimilation leads to only a minor improvement in system 

memory. This, and an analysis of system memory for modelled wave spectra, imply that the wave 

model is probably more strongly influenced by the forcing that is applied to it and its own physical 

parameterizations than by the assimilation corrections. 
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(a) (b)  

(c) (d)  

(e) (f)  

(g)  
Figure 4-3: Time series of (a) significant wave height, (b) peak period, (c) mean period, (d) Tm1-Period, (e) Tm2-

Period, (f) mean wave direction and (g) spread measured at the buoy Helgoland (dots) compared to modelled 

data without (blue) and with (red) data assimilation. 
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(a) (b)  

(c) (d)  

Figure 4-4: Normalized wave spectra and wave direction measured at the buoy Helgoland (black) compared to 

modelled data without (blue) and with (red) data assimilation (a) at the time of data assimilation and (b) 1h, (c) 

2h and (d) 3h after the assimilation. 
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5. WAVES AT REGIONAL/COASTAL SCALES: UNSTRUCTURED GRIDS DESIGN 
FOR WAVE MODELLING IN LIMITED AREA DOMAINS (UPC) 

5.1.  Designing and testing unstructured grids for waves modelling at regional 
and coastal scales 

The use of an unstructured grid with a varying resolution instead of a system of nested regular grids 

has been considered, improving the resolution in coastal areas while reducing the computational time. 

The main advantage of using an unstructured grid for wave modelling is that it allows working with 

a single mesh with different resolutions in each of the sub-domains, and therefore the nesting is not 

needed, avoiding the associated problems due to internal boundary conditions. Another advantage is 

that the grid can reproduce the sharp coastline with more accuracy than regular meshes.  

In previous works the use of unstructured grids for wave simulation have been mainly applied to 

small domains nested to regional or global grids. In the present study an unstructured grid for the 

semi-enclosed domain of the Western Mediterranean Sea is designed and compared with a regional 

unstructured grid nested in a coarser model. The results of different simulations are validated with 

measurements from buoys located near the Catalan coast and satellite data for the Western 

Mediterranean Sea during a one-year period. Additional sensitivity tests are performed to study the 

effects of using different spatial resolutions in the wind field for the entire domain. The code used for 

wave modelling is SWAN v.4091 A, for which the numerical settings also require attention.  

The design of the unstructured grid plays an important role in the quality of the results. In this sense, 

adding some size criteria to the basic distribution of grid sizes is decisive, in order to optimize the 

triangle's size and its distribution in the study area. For this purpose, two different criteria are 

presented, which try to predict where gradients in the wave field are likely to occur. The first one 

considers the distance to the coast, where more accuracy is required, and high-resolution winds are 

provided. The second criterion considers the effect of the bottom on the waves, including the depth, 

the bathymetric gradient and the level of bottom influence (in terms of a classification into deep, 

intermediate or shallow waters).  

The results obtained for the coastal areas are in good agreement with buoy measurements, mainly for 

deep water buoys. The simulations in these areas also showed that increasing the spatial resolution of 

the wind forcing slightly improved the significant wave height statistics in averaged yearly results. In 

addition, applying an unstructured grid reduced computational time by 60% while retaining accuracy. 

The validation with satellite data supports the previous results also in open waters, confirming the 

unstructured grids as a valid alternative to the nested regular systems. 

 

5.2. The study area: the Catalan coast 

The Catalan coast is located in the north-western Mediterranean Sea. It corresponds to the northern 

section of the Spanish coast, located between latitudes 40º45’N and 42º25’N and longitudes 0º45’E 

and 3º15’E, with an extent of around 600 km. The Balear Sea is located between this coast and the 

Balearic Islands. 

The meteorological situation in the area is mainly controlled by orographic patterns, air—sea 

temperature differences and the passage of low-pressure centres from the Atlantic. The Pyrenees 

mountain range, situated at the north of the Catalan coast, acts as a physical barrier that strongly 

modifies the wind patterns and produces the mistral (NW) and tramontana (N) winds, whose influence 

can be noticed hundreds of kilometres offshore (Bolaños et al., 2009).  
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From analysis of measurements, taken along the Catalan coast for more than 25 years, it can be stated 

that the predominant wave directions, as with the wind, vary along the coast, showing clearly the 

topographic control due to complex bathymetry, with submarine canyons and a heterogeneous 

continental shelf width (Sánchez-Arcilla et al., 2008; Bolaños et al., 2009).  

Sánchez-Arcilla et al. (2008) describe how the southern and northern sections of the coast show a 

predominance of north-west and north wave conditions, while the central part of the Catalan coast is 

dominated by east and south wave conditions. The largest waves come from the east, where the largest 

fetches and stronger winds coincide. In the areas where the wind blows from the north-west (offshore 

winds), bimodal spectra are frequently developed due to the co-existence of sea and swell waves 

(Bolaños et al., 2007; Rafòls et al., 2017). 

 

5.3. Data available 

The main data necessary to generate an unstructured grid are the bathymetry and the coastline (also 

used as the contour of the domain). For the present study the bathymetry has been obtained from 

GEBCO (General Bathymetric Chart of the Oceans, www.gebco.net) with a grid resolution of 30 arc 

seconds (0.0083º), and the coast line has been extracted from the National Geophysical Data Center 

(www.ngdc.noaa.gov/mgg/shoreline). 

In order to test the designed unstructured grids, simulations with the SWAN wave model were carried 

out for a period of one year, corresponding to 2013. For the present study the wind fields have been 

provided by the Spanish Meteorological Agency (AEMet, www.aemet.es), including a coarser wind 

field that provides the wind conditions 10 m above sea level, with a spatial resolution of 0.16 degrees 

for the entire Western Mediterranean Sea. It also includes a higher-resolution wind field that covers 

only the Catalan coast area, with a spatial resolution of 0.05 degrees (Figure 5-1). Both wind fields 

are obtained using the High Resolution Limited Area Model (HIRLAM; Unden et al., 2002) and have 

a temporal resolution of 1 h and a forecast horizon of 72 h. In the present study analysed winds have 

been used for the two resolutions available, herein named HIRLAM 0.16º and HIRLAM 0.05º.  

 

Figure 5-1: Orography, bathymetry and coast line of the study area. The green boxes represent the wind forcing 

domains, the red boxes the unstructured mesh limits, and the red dots the buoys measurement locations. 

 

http://www.aemet.es/
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The poor accuracy of the winds, especially when the resolution is low, is commonly reported as one 

of the main causes of poor results from wave models near the coast (Ardhuin et al., 2007). To assess 

whether this also holds for the present study a validation of the wind fields over the sea has been 

performed for a one-year period. The statistics obtained are shown in Table 5-1. From the validation 

process it can be stated that the general quality of the wind is acceptable, with correlation coefficients 

around 0.85 in intensity and slightly lower, around 0.67, in direction for the two models, although 

both of them tend to slightly overestimate the intensity of the wind fields.  

 

Table 5-1: Results of the validation of the two wind models including the wind intensity (m/s) and wind direction 

(degrees) for the 2013  year in Tarragona buoy location. 

 Wind intensity Wind direction 

Model 
RMSE 

[m/s] 

Bias 

[m/s] 
SI R 

RMSE 

[degrees] 
SI R 

HIRLAM 0.16º 1.89 0.54 0.397 0.844 77.45 0.368 0.668 

HIRLAM 0.05º 2.02 0.92 0.424 0.856 77.08 0.214 0.667 

 

It can be observed that at the validation location there are no important differences between the 

accuracy of the two models despite the different resolution (Table 5-1), so one cannot be considered 

to work better than the other. However, as Alomar et al. (2014) concluded, the wave conditions tend 

to improve considerably when they are obtained from winds with better resolution in space and time. 

For this reason, since only one wind field can be used as a forcing in unstructured grids, to take 

advantage of the high-resolution information a merging process has been performed to combine both 

existing wind fields into a new one. Since both wind fields proceed from the same source and the 

continuity is assured, the merging process consisted of interpolating wind speed components at the 

boundaries. In Section 5.7 (‘Results’) a sensitivity test is performed for the Western Mediterranean 

Sea domain in order to determine the effect of adding high-resolution winds in one part of the 

unstructured grid. 

The validation of the numerical results is performed in two different ways. On the one hand, for 

coastal areas a direct validation with the buoy measurements is performed. The buoy data available 

for the study period are provided by the Spanish harbour agency, Puertos del Estado 

(www.puertos.es), at two different locations: the Barcelona coast, moored near the coast, and 

Tarragona, moored in deep waters (Figure 5-1, Table 5-2). 

 

Table 5-2: List of the instruments location and the information provided by each of them for the Catalan coast. 

Name Lon Lat Depth Parameters provided 

Barcelona coast 2.20º E 41.28º N 68 m Hs, Dir, Tp 

Tarragona 1.47º E 40.68º N 688 m Hs, Dir, Tm02, Tp, Wind 

 

http://www.puertos.es/
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On the other hand, for the open-sea conditions the validation is realized by comparing the model 

results with altimetry wave height measurements for the entirety of 2013. The remote-sensing data 

used come from several satellite missions (Jason-1, Jason-2, Cryosat-2 and SARAL) and are obtained 

from IFREMER (ftp://ftp.ifremer.fr/ifremer/cersat/products/swath/altímetres/waves), where 

altimeter significant wave height measurements from nine missions over a 23-year time period are 

provided in a unified format (Queffeulou and Croizé-Fillon, 2016). In Figure 5-2 the satellite tracks 

used for the Western Mediterranean Sea domain are represented.  

Effects of currents on the wave field are not included in the present simulations as their effect is 

expected to be small based on other studies in this area (Grifoll et al, 2016).  

 

 

Figure 5-2: Satellite tracks coverage for the four satellite missions during April 2013. The different colors 

correspond to different satellite missions. 

 

5.4. Grid design  

The main purpose of an unstructured grid is to provide high resolution in coastal areas and coarser 

grid size in deep waters, thus requiring a unique mesh. With this methodology the nesting and the 

corresponding interpolations along the boundaries to a finer resolution are avoided. Additionally, 

these sorts of grids better fit the coastline of the area.  

There are plenty of mesh generators able to create an unstructured grid from a closed contour, just 

considering the resolution of the boundary segments and some size proportion between neighbouring 

triangles. However, in some of the grid generators, sizing information can be also introduced to 

control varying levels of mesh resolution within the domain.  The grid generator used in the present 

study is the MESH2D – Automatic Mesh Generation for Matlab 

(http://es.mathworks.com/matlabcentral/fileexchange/25555-mesh2d-automatic-mesh-generation), a 

toolbox for 2D meshing in which a size function can be included, together with a maximum grid size 

and the maximum size proportion between neighbouring cells. The size function can be specified on 

a relative coarse grid and specifies the preferred triangle size.  

The coastline information is used to generate the contour of the study domain. In the present study 

two different domains are tested, corresponding to the Western Mediterranean Sea (from the Strait of 

Gibraltar to the Strait of Sicily) and the Balear Sea (including the Catalan coast and the Balearic 

Islands), both represented in Figure 5-1. The first step in designing the contour of the grid is to set 

ftp://ftp.ifremer.fr/ifremer/cersat/products/swath/altímetres/waves
http://es.mathworks.com/matlabcentral/fileexchange/25555-mesh2d-automatic-mesh-generation
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the coastline softening, because the triangle size in these boundary areas depends on the distance 

between two consecutive points on this contour as well as the need to smooth sharp angles in coastal 

topography. Then, depending on the resolution desired in each coastal area, the coastline should be 

smoothed appropriately during the grid generation. The minimum grid size used for both domains 

has been established as 800 m for the Catalan coast and the Balearic Islands, and up to few kilometres 

for the remaining boundaries.  

Using the mesh generator MESH2D with the softened contour, and considering a maximum grid size 

of 0.3 degrees and a maximum size proportion between neighbouring cells of 25%, we can compute 

basic unstructured grids for the Western Mediterranean Sea and the Balearic Sea. We give the name 

BASIC to these grids, which are represented in Figure 5-3 and described in Table 5-3, because the 

only criteria used to generate them are the ones mentioned above, related to the geometry of the 

domain.  

 

Figure 5-3: Detail of the BASIC unstructured grids designed for the Western Mediterranean sea grid (top) and 

the Balear Sea (bottom). The colour scale represents the grid size in km as the medium length of the sides of each 

triangle.  
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Table 5-3: Description of the unstructured grids obtained without any size function (BASIC) and with the size 

function for both domains.  

Grid Resolution Lat - Lon Grid points 

 BASIC Western 

Mediterranean 

Sea 

45km to 800m 
5.495 W – 16.218 E 

35.091 N – 44.424 N 

8,412 nodes 

14,680 triangles 

BASIC Balear Sea 35km to 800m 
0.331 W – 4.500 E 

38.670 N – 42.830 N 

6,328 nodes 

11,019 triangles 

Western 

Mediterranean 

Sea 

40km to 800m 
5.495 W – 16.218 E 

35.091 N – 44.424 N 

4,548 nodes 

8,317 triangles 

Balear Sea 25km to 800m 
0.331 W – 4.500 E 

38.670 N – 42.830 N 

2,710 nodes 

4,928 triangles 

 

 

Two size functions are defined and used in the present study to improve the BASIC unstructured 

grids. The idea is to refine the mesh only where this procedure can improve the wave simulation 

results so a balance can be established between grid resolution (and accuracy) and the computational 

time required to perform the simulation. The criteria selected for the grid sizing are based on the 

assumption that a finer spatial grid resolution is needed in areas with larger expected gradients in the 

wave field. In this we couple this to the distance to the coast, where usually better forcings are 

available, and on the bathymetry and depth gradients, because in some areas the bottom conditions 

increase the wave field variability. 

 

5.4.1. Distance to the coast criterion 

The first criterion considers the distance to the coast, where more resolution (accuracy) is required 

due to the rapid development of the wave field, and where additional high-resolution winds are 

provided and buoy measurements are available. In both domains considered the distance is centred 

on the Barcelona coast, from 1.5ºE to 2.5ºE and from 41.15ºN to 41.50ºN.  

The procedure adopted consists first of all in defining a regular grid covering the entire domain and 

determining the distance to our reference (in degrees). Then Eq. 1 is applied:   

𝑠𝑖𝑧𝑒𝐷 = 𝐴𝐷 + 𝐵𝐷 · tanh(𝐶 · 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒)      (1) 

Where the coefficients AD and BD are weights to optimize the function. If one considers AD = 0.01 as 

the minimum value for the size function and BD = 0.24, the maximum value that can be reached by 

the function becomes 0.25, so these parameters can be calibrated for each problem considered.  
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The coefficient C corresponds to the growth velocity of the function, and thus to the spatial 

distribution of the size function, and can be adjusted to any given problem. In both domains studied 

we have selected C = 0.6, keeping in mind that bigger values make the influence of the size function 

smaller, and vice versa.  

 

5.4.2. Bathymetric gradients criterion  

The second criterion considers the effect of the bottom on the wave propagation, including the water 

depth, the bathymetric gradient and the level of bottom influence (in terms of classification into deep, 

intermediate or shallow waters).  

A parameter named step is created to include information about the depth and the bathymetric 

gradient as described in Eq. 2. The step size equation is a function of the hyperbolic tangent of the 

depth (in metres) divided by the bathymetric gradient (both computed in a regular grid covering the 

entire study area), so when the gradient is big or the depth small the step function gets smaller. This 

method also ensures steep gradients in deep water do not lead to unnecessary small grid sizes 

𝑠𝑡𝑒𝑝 =
tanh(𝐴𝑠·(𝑑𝑒𝑝𝑡ℎ+𝐵𝑠))

min(max(1,𝑔𝑟𝑎𝑑𝑖𝑒𝑛𝑡),𝐶𝑠)
       (2) 

The coefficient BS is defined to avoid depths near 0 and is fixed to 10 for our study, while the 

coefficient AS is used to scale the effect of the bathymetry. In the present exercise the AS coefficient 

has been set to 0.001, so the effect of the depth is considered from 10 up to around 1000 m. The 

gradient value is also limited between 1 and a maximum value defined by the CS coefficient. After 

testing the typical conditions of our study domain, the CS coefficient was fixed to 100.   

Once the step function is optimized and calculated for the entire study domain, the size function is 

defined as follows:  

𝑠𝑖𝑧𝑒𝐵 = 𝐴𝐵 + 𝐵𝐵 · tanh(𝐶𝐵 · 𝑠𝑡𝑒𝑝)       (3) 

Where the coefficients AB and BB are weights of the function, as used in the distance to the coast 

criterion (Eq. 1), and should be fixed in the same range of values in order to better compare and 

combine both criteria.  

The CB coefficient needs to be adapted depending on the step function range of values and the 

resolution desired in the shallow-water areas or where the bottom gradients are more important (for 

example in a submarine canyon). More details in how the coefficients have been chosen for the study 

area are presented in Pallares (2016). 

It is important to remark that the sizeB function is based on the water depth and the bathymetric 

gradient in order to refine the unstructured grid in some areas. However, the size function described 

in Eq. 3 does not takes into account the physical effects of bottom influences on wave evolution. The 

effects of the bathymetry will only be interesting for wave modelling in situations of shallow or 

intermediate waters in which the wave conditions depend on the depth, so one should use the sizeB 

criterion under these conditions (Eq.  4).  

𝑠𝑖𝑧𝑒𝐵 = {
𝐴𝐵 + 𝐵𝐵 · tanh(𝐶𝐵 · 𝑠𝑡𝑒𝑝) 𝑖𝑓

𝑑

𝐿
< 0.5

𝐴𝐵 + 𝐵𝐵𝑖𝑓
𝑑

𝐿
> 0.5

    (4) 
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For the purpose of delimiting the areas where the depth affects the wave characterization, three 

extreme situations for the Catalan coast have been reproduced in SWAN in stationary simulations. 

These were run on the same regular grid, covering the entire Western Mediterranean Sea, used to 

calculate the size functions, with the following wind conditions: wind blowing from the east with an 

intensity of 25 m/s, offshore wind from the north-west with an intensity of 15 m/s and southerly wind 

with an intensity of 15 m/s. The magnitude and direction of the extreme wind conditions correspond 

to typical values for the Catalan coast and have been obtained from previous studies (Bolaños et al., 

2009; Font, 1990).  

 

5.4.3. Grid design 

A combination of both sizing criteria presented before and defined in the Eqs. 1 and 4 is used to 

generate the unstructured grids for the Balear Sea and the Western Mediterranean Sea domains. The 

coefficients used, chosen after doing some tests in order to adapt the resulting grid to the domain 

scales and accounting for typical wind and wave characteristics, are the following: AD = AB = 0.01; 

BD = BB= 0.24; C= 0.6; AS= 0.001; BS = 10; CS= 100; and CB= 50.  

The criteria used to combine both size functions have simply consisted of selecting the minimum 

value for each point (Eq. 5), since both functions are defined in the same spatial domain, use the same 

grid and take values from the same interval (from 0.01 to 0.25).  

𝑠𝑖𝑧𝑒 = min(𝑠𝑖𝑧𝑒𝐷 , 𝑠𝑖𝑧𝑒𝐵)       (5) 

The mesh generator used is MESH2D for Matlab, using Eq. 5 as a size function, with a maximum 

grid size of 0.3 and a maximum size ratio between neighbouring cells of 25%. The resulting grids are 

represented in Figure 5-4 and described in Table 5-3. In Figure 5-5 a zoom from the Mediterranean 

Sea unstructured grid for the Catalan coast region is presented so the resolution of both designed grids 

can be compared in the coastal areas, presenting almost no difference between them. 

When comparing the resulting grids with the BASIC grids, obtained using the same grid generator 

without any size function (Figure 5-3, Table 5-3) but using exactly the same values for the maximum 

grid size and the maximum size ratio between neighbouring cells, an important reduction of nodes 

and triangles can be observed. There also results in a better distribution of the grid cells.  

It is noted that in areas with strong current gradients the above criteria should be extended to handle 

these additional effects on wave evolution. 
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Figure 5-4: Detail of the unstructured grids designed for the Western Mediterranean sea grid (top) and the 

Balear Sea (bottom). The colour scale represents the grid size in km as the medium length of the sides of each 

triangle.  

 

 

 

 

Figure 5-5: Zoom of the Western Mediterranean Sea unstructured grid designed. The colour scale represents the 

grid size in km as the medium length of the sides of each triangle.  
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5.5. SWAN wave model for unstructured grids 

The SWAN Cycle III v.4091A code has been used to simulate wave evolution in the area. SWAN 

(Simulating Waves Nearshore) is a third-generation wave model that computes random, short-crested 

wind generated waves in coastal regions and inland waters (Booij et al., 1999, Ris et al., 1999). For 

this study the unstructured grid option as introduced by Zijlema (2010) is applied. 

Pallares et al. (2014) performed a calibration process of the SWAN model for semi-enclosed domains, 

particularly on the Catalan coast; the coefficients determined therein have been used in the present 

work. The wind growth is obtained as the sum of a linear term due to Cavaleri and Malanotte-Rizzoli 

(1981) and an exponential term that is the same one used by WAM Cycle 3, due to Snyder et al. 

(1981) and rescaled by Komen et al. (1984). The quadruplet non-linear wave-wave interactions are 

computed using the Discrete Interaction Approximation (DIA) proposed by Hasselmann et al. (1985). 

The whitecapping term used is the Komen et al. (1984) formulation but using a delta coefficient of 1 

as suggested by Rogers et al. (2003). The frequency range considered is 0.03Hz to 1Hz, with 49 

values logarithmically spaced with a frequency resolution of df/f=0,1 as recommended by the SWAN 

manual (SWAN team, 2015a), and the directional resolution is 10º. 

The main difference in the SWAN model when working with unstructured grids is the numerical 

scheme, which has been adapted from the backward space, backward time (BSBT) first-order upwind 

SWAN scheme (SWAN team, 2015b) by Zijlema (2010). It consists of a vertex-based, fully implicit, 

finite-differences method that requires several sweeps through the grid. The parameters used to define 

the convergence criteria and the maximum number of iterations are set up as suggested in the SWAN 

manual (SWAN team, 2015a). Another difference that appears in SWAN when working with 

unstructured grids is that the model is not able to compute the wave setup, which is especially 

important in shallow waters and in the surf zone, where the set-up induced by the waves may generate 

variations in the sea level and along-shore currents (SWAN team, 2015b). 

Wave prediction models may suffer from excessive focussing due to refraction in areas with poorly-

resolved, highly-discretized bathymetry. Such problems were also reported after the release of 

unstructured SWAN (Zijlema, 2010). The discretization in geographical space in SWAN is solved 

with an implicit upwind difference scheme that has one main disadvantage: it is numerically diffusive, 

which naturally degrades the accuracy of the model. The numerical diffusion is caused by gradients 

of wave action across geographic space, e.g. due to refraction by bathymetry or currents (Zijlema, 

2010). Thus this problem usually appears due to intense local variations in the grid size or the 

bathymetry in under-resolved bathymetries, making the unstructured grids more susceptible to this 

problem due to the varying mesh size. Some possible solutions to this problem include (1) improving 

the spatial and spectral resolution of the computational grid, (2) smoothing the bathymetry and (3) 

activating the spectral propagation velocity limiter included in SWAN and described in detail in 

Dietrich et al., (2013). It is noted that Dietrich et al. (2013) prefer the improving the spatial resolution 

to avoid excessive refraction. In addition, since SWAN version 41.10 (released June 2016), has an 

improved method to estimate the refraction term in the action balance equation, based on gradients 

in phase velocities instead of depth values, in combination with a central difference scheme. This new 

improved scheme further reduces the need to apply the refraction limiter.  

The most convenient solution for our domain consists in activating some of the mentioned limiters. 

They are based on the Courant-Friedrichs-Lewy (CFL) criteria for the spectral propagation (refraction 

and frequency shifting) velocities in SWAN. These limiters are not required for model stability, but 

they improve accuracy by reducing local errors that would otherwise spread throughout the 

computational domain (Dietrich et al., 2013). 

After analysing the first results obtained from SWAN simulations, a few refraction errors were 

detected in some local areas, where excessive wave energy was focused at a single point, causing the 
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computed solution to be unfeasible. Since the errors appear only locally, the refraction limiter was 

considered the most robust solution and then switched on. Several values for the limiter were tested: 

0.5, 1.0, 1.5 and 2.0, as suggested in Dietrich et al. (2013). It was set to 1.5, which was found to be 

the biggest value that solved the local refraction inaccuracies without limiting the natural wave 

refraction elsewhere. 

 

5.6. Validation tools 

Results have been validated with buoy measurements and considering the different simulations. The 

comparison was mainly based on time series of the significant wave height (SWH, termed more 

specifically for a derivation from the wave spectrum, Hm0), mean wave period (Tm02) and mean 

wave direction (Dir). Some statistical parameters (Eqs. 6 to 9) have also been employed for 

quantitative comparisons; the main ones are the root mean square error (RMSE), the bias, the scatter 

index (SI) and the correlation coefficient (R). These parameters are obtained as follows:  

𝑅𝑀𝑆𝐸 = √∑ (Si−Oi)
2N

i=1

𝑁
        (6) 

𝑏𝑖𝑎𝑠 =
∑ (Si−Oi)
N
i=1

𝑁
         (7) 

𝑆𝐼 =
𝑅𝑀𝑆𝐸

�̅�
          (8) 

𝑅 =
∑ ((Si−S̅)·(Oi−O̅))
N
i=1

√∑ (Si−S̅)
2N

i=1 ·√∑ (Oi−O̅)
2N

i=1

        (9) 

Where S corresponds to the simulated data and O to the measured ones (observations); N is the 

number of data; and �̅� and 𝑆̅ correspond to the mean value of the time series for observed and 

measured values, respectively. For the mean wave direction the prediction errors were based on the 

minimum angle between the two data (simulated and measured), except for the bias which was 

replaced by the Mean Absolute Error (MAE).   

For the model validation with satellite measurements, the data is collocated against numerical results 

from the unstructured grid. To obtain the collocated pairs of significant wave height, several processes 

are necessary: first a time collocation of the satellite data is performed with a 1 hour interval, 

coinciding with the model temporal resolution, after a space collocation is performed, taking the 

nearest satellite point within a radius of 25 km, followed by a linear interpolation in time. The points 

located at a distance less than 0.3 degrees (roughly 30-35 km) from the coast have been eliminated 

from the validation process due to the unknown errors associated with the satellite measurements in 

these nearshore areas.  

 

5.7. Analysis of the results 

In this section a validation of the wave simulations obtained using the designed unstructured grids is 

performed. As previously mentioned, two different validations are presented: in the first one the 

model results are compared with the buoy measurements near the coast, and in the second one all 

model results are compared with satellite measurements. The validation period is the entire year of 

2013.  
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The SWAN wave simulations included in the comparison are the following: a) the Western 

Mediterranean Sea unstructured grid forced with the coarser wind field (named MED); b) the same 

grid forced with the merged wind field defined as a combination of HIRLAM 0.16 and HIRLAM 

0.05, designed to include the high-resolution wind fields in a common grid (named MED-wind).  

The results from the Balear Sea unstructured grid are also included in the validation, hereby named 

BAL-wind. This grid is forced with the merged wind and uses boundary conditions obtained from a 

coarser domain covering the Western Mediterranean Sea with a spatial resolution of 9 km forced with 

the coarser wind field.  

 

5.7.1. Nearshore validation 

The validation of the 1-year SWAN wave simulations using unstructured grids is performed at two 

different locations, corresponding to a coastal buoy (Barcelona coast) and a deep-water buoy 

(Tarragona). The variables analysed are the significant wave height, the mean ‘zero-upcrossing’ wave 

period (Tm02), the peak period (not shown because it presents similar behaviour to the mean wave 

period) and the mean wave direction as defined by Kuik et al. (1988). For a consistent comparison 

against buoy data we applied the same integration range of 0.03-0.6 Hz to evaluate the integral wave 

parameters. Unfortunately, more robust wave period measures like Tm01 or Tm-1,0 were not 

available, as these measures are less sensitive to errors in local wind speed.  

Figure 5-6 shows a time series representation for the Barcelona coast buoy during autumn 2013, in 

which no significant differences between the three configurations compared can be appreciated. In 

order to present a quantitative comparison, in Table 5-4 the statistical parameters obtained from the 

validation for the entire year are presented for the coastal buoy, while in Table 5-5 the same results 

are shown for the deep-water Tarragona buoy.  

 

 

Table 5-4: Statistics for the comparison between the Barcelona coast buoy measurements and the unstructured 

grids model outputs, for the significant wave height, the mean wave period and the mean wave direction. 

 SWH (Hm0) Tm02 Dir 

RMSE 

[m] 

Bias 

[m]  

SI  R RMSE 

[s] 

Bias 

[s] 

SI  R RMSE 

[º] 

SI  R 

MED 0.26 -0.09 0.35 0.82 0.60 0.12 0.16 0.78 32.8 0.09 0.69 

MED-wind 0.22 -0.05 0.30 0.83 0.61 0.09 0.16 0.77 33.7 0.09 0.68 

BAL-wind 0.23 -0.05 0.30 0.83 0.62 0.08 0.16 0.77 33.8 0.09 0.68 
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Figure 5-6: Time series of the significant wave height, the mean wave period (Tm02) and the mean wave 

direction for autumn 2013. In black the Barcelona coast buoy measurement is represented and in color the three 

unstructured grid wave simulations.   

 

 

Table 5-5: Statistics for the comparison between the Tarragona buoy measurements and the unstructured grids 

model outputs, for the significant wave height, the mean wave period and the mean wave direction.  

 SWH (Hm0) Tm02 Dir 

RMSE 

[m] 

Bias 

[m]  

SI  R RMSE 

[s] 

Bias 

[s] 

SI  R RMSE 

[º] 

SI  R 

MED 0.24 -0.09 0.27 0.93 0.63 -0.30 0.15 0.85 38.0 0.11 0.65 

MED-wind 0.25 -0.03 0.27 0.93 0.61 -0.25 0.15 0.85 36.9 0.10 0.71 

BAL-wind 0.25 -0.03 0.27 0.93 0.61 -0.25 0.15 0.84 36.9 0.10 0.71 
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The results from the Western Mediterranean Sea unstructured grid forced by both wind fields show 

similar behaviour. The usage of a better wind field slightly improves the significant wave height and 

has almost no effect on the wave period and mean wave direction. The differences between the 

Western Mediterranean Sea domain and the Balear sea grid using the merged wind forcing are 

inappreciable for the Barcelona coast buoy.  

In general, the statistics present better values for the deep-water Tarragona buoy location (Table 5-5), 

with correlation coefficients of 0.93 for significant wave height (in comparison with 0.83 for the 

Barcelona coastal buoy) and values of 0.85 for the mean wave period (in comparison with 0.77 for 

the Barcelona coastal buoy). In contrast, the statistics for the mean wave direction are worse at this 

location. This is due to the large variability of directions recorded at a more offshore location in 

comparison with the buoys located near the shore, where the refraction tends to unify the directions. 

Almost no differences can be appreciated between the three configurations presented.  

The errors, bias, scatter index and correlation coefficient for the unstructured grids present acceptable 

values for nearshore buoys, of the same order of magnitude as the results obtained from regular grids 

in the study area with the same SWAN configuration (Pallares, 2016). Additionally, from Pallares 

(2016) one can conclude that the reduction of computational time when using a well-designed 

unstructured grid is around the 60%. In conclusion, near the coast the SWAN model using 

unstructured grids provides good wave simulations and can be a good alternative to the regular grids 

because it avoids nesting, enables modelling flexibility to resolve small scale coastal features, and 

provides significant speed up while retaining accuracy. 

 

5.7.2. Offshore validation  

In order to validate the performance of SWAN on unstructured grids in open waters, a comparison 

with satellite measurements is presented in this section. The SWAN configurations used in the 

validation are the Western Mediterranean Sea unstructured grid and the Balear Sea unstructured grid, 

both forced with the merged wind fields.  

In Table 5-6 the statistics obtained from the collocation process for the entire year of 2013 are 

presented. As expected, the errors and bias are larger than at buoy locations (Table 5-4 and Table 

5-5), due to the combination of lower grid resolution and more intense wave conditions. When 

looking at normalized statistics, such as the scatter index and the correlation coefficients, the values 

presented are quite similar to those from the buoy measurements, notably in comparison with the 

Tarragona buoy (Table 5-5), located 50 km offshore.  

The differences between the two unstructured grids take on more importance in open-sea conditions 

than in coastal areas, obtaining better results for the Western Mediterranean Sea domain. One 

probable reason for these differences is the boundary conditions introduced in the Balear Sea domain, 

along which interpolations are made and some errors may appear.  

Finally, Figure 5-7 shows the comparison of the pairs of collocated points, the observed significant 

wave height from the altimeters and the model results for both domains: the Western Mediterranean 

Sea and the Balear Sea. The colour scheme represents the number of values for per 0.10 m box 

normalized with the maximum number of values in a box. Each figure has two lines: the black line is 

the line of perfect agreement, and the red line is the linear regression line, with the formulation 

y=ax+b (coefficients are presented in Table 5-6).  
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Table 5-6: Statistics for the comparison of the collocated pair of points between the satellite measurements and 

the unstructured grids model outputs, for the significant wave height; coefficients of the linear regression and 

number of collocated pairs of points.   
RMSE 

[m] 

Bias 

[m] 

SI R a b Number 

of values 

MED-wind 0.40 -0.18 0.29 0.94 0.926 -0.078 31,991 

BAL-wind 0.41 -0.08 0.30 0.93 1.027 -0.115 6,549 

 

 

 

 

Figure 5-7: Comparison of observed (altimeter) and predicted significant wave height for the 2013. For the two 

unstructured grids designed. The colors represent the density of points 
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5.8. Conclusions 

In the present study unstructured grids have been proven to be a good alternative to the traditional 

nested grids for the Western Mediterranean Sea and the Balearic Sea domains, since they produce as 

good results as regular grids, whilst reducing the usage of boundary conditions and simplifying the 

simulations.  

The design of an unstructured grid together with the preparation of the coastline is probably the most 

delicate part of the entire simulation process, since to obtain efficient unstructured grids several 

criteria need to be accounted for simultaneously. In the present work two different criteria are 

proposed that decrease the grid size in the areas near the coast and also in intermediate and shallow 

waters as a function of the depth and the bathymetric gradients. These criteria are adapted to the 

characteristics of the computational domains and the wave conditions they are expected to reproduce. 

The resulting unstructured grids present fewer elements and nodes than the basic ones leading to a 

speed-up of a factor 2.5, probably due to a better distribution of the triangles throughout the domain.  

The nearshore validation process, performed for one year and comparing the two unstructured grids 

using two different wind field (with different resolution), allows us to state that the unstructured grids 

perform correctly near the coast, with levels of quality depending on the domain geometry and meteo-

oceanic conditions. Some improvements can be appreciated when increasing the wind field 

resolution, mainly for the significant wave height.  

Furthermore, the validation of the significant wave height model results throughout the entire domain 

with altimetry data presents very good results, with correlation coefficients up to 0.94 for the Western 

Mediterranean Sea.  

In conclusion, despite the work associated with a good unstructured grid design, it may be considered 

a worthwhile investment due to the good results obtained with the unstructured grids for both cases 

tested: a semi-enclosed domain such the Western Mediterranean Sea and a local domain like the 

Balear Sea nested to a coarser model.  
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6. ASSIMILATION IMPACTS IN OPEN OCEAN AND COASTAL REGIONS: A 
SPECTRAL PARTITIONING APPROACH (CNR) 

6.1.  Introduction 

A current frontier in wave data assimilation sea state modelling is represented by ingesting observed 

spectral quantities instead of considering integral parameters. For instance, whilst a set of significant 

wave height (SWH) values gives no information about the sea state characteristics (i.e. not allowing 

a determination of whether a given sea-state is associated with a wind-sea, swell or some combination 

of both), the spectrum contains much more information about the ongoing physical processes. 

Moreover, assimilating bulk parameters such as SWH into a spectral model requires the application 

of dedicated functions to redistribute, using a number of assumptions, the corresponding energy 

within the spectrum (Lionello et al., 1992). 

One of the main requirements for an efficient implementation of spectral data assimilation algorithms 

is an appropriate characterisation of the background errors, defining the spatial influence of the 

observations in the model domain (Portilla and Cavaleri, 2015). This is essentially related to the 

problem of extrapolating the information from a local observation into a spatial distribution within 

the model domain. The formal description of this problem is based on the covariance matrix of the 

background errors. The common practice of assuming that the correlation between background errors 

decreases with distance in space (Lionello et al., 1992; Hasselmann et al., 1997; Aouf et al., 2006) 

implicitly assumes some unrealistic homogeneity and isotropy properties of the wave field, which do 

not account for the processes underlying wave generation, propagation and transformation 

(Greenslade and Young, 2005; Portilla, 2009). A more physically based approach for taking into 

account the key process features and, therefore, the spatial properties of the sea states, is based on the 

statistical description of independent components of the directional spectra. The spectral partitioning 

technique (Portilla, 2009) allows a description of the wave climate at a given location based on the 

distribution of occurrence probability peaks in frequency and direction. Representing the local “wave 

climate footprint” (Portilla and Cavaleri, 2015), spectral partitions can then be used to infer 

information about the spatial distribution of the different wave systems as well as the extent of their 

homogeneity, isotropy, correlations, and eventually about their background error covariances. 

 

6.2.Study areas: North Sea and Equatorial Pacific 

To explore the response of the proposed method under different geometric and meteo-oceanic 

conditions, two study areas with different characteristics were considered, namely the North Sea and 

the Equatorial Pacific. 

The wave climate in the North Sea is characterised by a strong seasonality, with intense storms in 

winter and calm conditions in summer. As a partially enclosed basin, the North Sea is sheltered from 

westerly Atlantic swells, but it is exposed to northerly swells from the North Atlantic and the 

Norwegian Sea, besides the locally generated wind sea states. The Equatorial Pacific is characterised 

by tropical conditions and is dominated by swells from different directions (Figure 6-1). 
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Figure 6-1: Occurrence probability (percent) of spectral partitions at the North Sea (a) and Equatorial Pacific 

(b), obtained from spectral time series from 1979 to 2013 (from Portilla and Cavaleri 2015). 

 

 

6.3.Spectral data assimilation approach 

The ingestion of observed spectral data into a numerical modelling system requires the identification 

of: 

• the dominant spectral wave systems for a given domain (spectral partitioning) 

• the spatial variability of the spectral properties of the different wave systems, by the detection 

of the one-to-one correspondence of spectral patterns among neighbouring model grid points 

(Model to Model Cross Assignment); 

• the correspondence between modelled and observed spectral partitions (Model to 

Observations Cross Assignment). 

With this logical framework, wave systems are cross-assigned once for every assimilation point with 

precise statistical properties, and then associated with a certain spatial wave pattern defined by the 

modelled physical properties of the system.  

In general, the estimate of the directional spectrum of wave system is related with the information at 

the observation site using an estimate which involves three parameters modulating the variance 

density, the frequency and direction (Portilla and Cavaleri, 2015). The computation of the coefficient 

of determination between the estimated and the observed spectra allows to describe the background 

errors specific for every observation/assimilation point and every wave system.  

The methodological demonstration presented here is based on a 1-year WAVEWATCH III v3.14 

simulation (Tolman et al., 2013) for the North Sea (1/10 degree resolution) and Equatorial Pacific (1 

degree resolution), aiming at reproducing respectively a partially enclosed system and the open ocean, 

with 29 geometrically distributed frequencies in the range 0.0350-0.5047 Hz and 24 equally spaced 

directions. 
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6.4.Results and discussion 

For the North Sea we consider the wave systems propagating from the North, mostly associated with 

swell conditions, and from southeast, mostly related with wind-sea states. The relatively smooth 

spatial variability of the swell systems is well reflected in the high correlation coefficient in a large 

part of the basin (Figure 6-2a), whereas Figure 6-2b gives an account of the strong anisotropy of this 

wave system. Particularly in the latter case, it is easy to note the improvement compared with a 

classical parametric approach, like the one proposed by Voorrips et al. (1997, Figure 6-2c), in fitting 

the sea state properties with the wind forcing system and the topographic constraints. 

 

 

 
Figure 6-2: Background SWH error correlation coefficients for the northerly (a) and southwesterly (b) wave 

systems, and parametric correlation following Voorrips et al. (1997) (c)(from Portilla and Cavaleri 2015). 

 

 

The results are qualitatively similar in the case of the Equatorial Pacific, except for the larger space 

scales involved (Figure 6-3). It is interesting to point out how the correlation coefficient patterns 

computed by means of the spectral partitioning methodology are capable to reproduce the shadowing 

effect given by the Galapagos Island, off the coasts of Ecuador. Once again, an isotropic parametric 

correlation (Figure 6-3d) appears sufficiently responsive in reproducing relatively simple wave 

patterns but fails to reproduce systems characterised by strong wind- or topography-induced 

anisotropy. 

The proposed approach for the specification of the background errors based on the spectral wave 

climate of the considered region opens new perspectives and challenges in the potential for data 

assimilation in wave modelling. If one critical element of data assimilation is the pressure exerted on 

the model to fit the observed data with possible drawbacks on the model stability and on the physical 

robustness of the results, this approach takes full advantage of the memory of the system in terms of 

physical information provided by the wave spectra and by the geographical and meteo-oceanic setting 

of the studied sites. 
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Figure 6-3: Background SWH error correlation coefficients in the Equatorial Pacific Ocean, with reference to 

Norhteastwards (a), Northwestwards (b), Southeastwards (c) wave systems, and parametric correlation by 

Lionello et al. (1992, d) 

 

 

6.5.Conclusions 

Whilst the present state of the art in wave data assimilation is demonstrated to introduce benefits to 

the quality of wave analyses and short-range forecasts, longer term improvements in these systems 

will need to better account for the physical processes that underly wind-sea development, swell 

propagation and the interactions between waves and island/coastal topography. An important aspect 

of introducing more a more process-based approach to the assimilation will be to utilise assimilation 

lengthscale data that better represent geographic and process variability within the model space and 

time domains. Here, a method of establishing lengthscales based on establishing the spatial footprint 

of spectral components, is proposed and demonstrated to produce more physically realistic correlation 

coefficients than can be achieved with the more standard isotropic assumption. 
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7. ASSIMILATION IMPACT FOR WAVES AT REGIONAL/COASTAL SCALES: A 
REFINED GRID MODEL AND 3D-VAR (Met Office) 

7.1.  Testing assimilation impact at regional and coastal scales 

Within CEASELESS, studies of wave prediction in regional seas test how well state of the art 

numerical models and data assimilation methods are able to represent the varying scales and 

complexity of physical processes found in domains comprising both open waters and coastal zones. 

Shallow water shelf seas present a particular challenge for the background model, due to the 

increasing number of processes that need to be properly modelled in shallow water and strongly tidal 

environments. At the same time, the resulting strong spatial gradients observed in variables such as 

wave height, direction and period may significantly limit the time and lengthscales over which 

assimilated model-observation innovations can be applied.  

With this in mind, we seek to address the following: 

• To understand and quantify the skill with which state of the art operational wave modelling 

systems can presently represent the evolution of wave fields in regional seas, for both open 

waters and coastal zones. 

• To assess the benefits and necessity of assimilating of both satellite altimeter and in-situ 

measurements of significant wave height into a regional wave model; including the potential 

benefits that may be achieved using the latest processing techniques associated with recent 

satellite missions, such as Sentinel-3. 

• To measure the forecast time period over which regional data assimilation will add value to 

the basic model forecast (the so-called ‘system memory’) and, by testing whether this is 

consistent in open waters and coastal zones, gain an insight into the degree to which shallow 

water processes affect system memory. 

• To recommend practical applications of regional model wave data assimilation, e.g. for use 

in the Copernicus Marine Environment Monitoring Service (CMEMS), based on an 

understanding of assimilation impact and system memory. 

 

7.2.  Study area: Northwest European Shelf 

The Met Office regional study has been conducted for the Northwest European Shelf, as specified in 

CMEMS (http://marine.copernicus.eu/services-portfolio/access-to-products/ ). The domain covers 

the continental shelf seas of the North Sea, English Channel and Irish Sea, and is bounded by deep 

open waters of the North Atlantic (to the north and west) and the Skagerrak shelf sea region in the 

eastern part of the North Sea (Figure 7-1). 

Overall, the region presents modelling challenges across multiple scales, since it comprises areas of 

very deep (Atlantic) and very shallow water (southern North Sea); long and constrained fetches; and 

includes locations subject to high tidal ranges (Bristol Channel) and strongly structured current 

regimes (e.g. to the west of the continental shelf break and in the English Channel). Figure 7-1, which 

shows a domain wide snapshot of significant wave height (SWH) from the high resolution model 

assessed in this study, illustrates a number of these effects. For example, the significant wave height 

field is highly structured west of the continental shelf break, due to the effect of mesoscale current 

fields on the waves; a high degree of dissipation can be seen over the Dogger Bank in the North Sea 

(just off of the south-east coast of the UK); and significant sheltering occurs downstream of islands 

and coastal headlands within the model domain. 

http://marine.copernicus.eu/services-portfolio/access-to-products/
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Figure 7-1: Example significant wave height field (in metres) from the AMM15S (3-1.5km grid scale) wave 

model. 

 

7.2.1. Modelling system 

The modelling set-up comprises a regional configuration of the wave model WAVEWATCH III (at 

a pre-release of version 6), which was run forced by winds from a global configuration of the Unified 

Model (Brown et al., 2012) and a regional configuration of NEMO (Nucleus for European Modelling 

of the Ocean; Madec, 2008). The system mirrors the operational model used, since November 2018, 

to deliver wave forecast products to the Copernicus Marine Environment Monitoring Service (with 

the exception of using forcing from the Met Office global atmosphere model rather than ECMWF’s 

Integrated Forecasting System). 

WAVEWATCH III (WAVEWATCH III Development Group, 2016) is a third-generation wave 

model that solves equations to predict the action density spectrum (enabling a straightforward 

integration with ocean surface currents, since wave action is conserved in a moving reference frame). 

Now developed as a community code, the model includes numerous options for source term 

parameterizations, numerical solvers for wave energy propagation and grid schemes. The Northwest 

Shelf regional configuration (termed AMM15S) has been designed with the intent of providing skilful 

predictions of wave conditions for both inshore waters (for example, designated in the UK as within 

a 12 mile limit of the coastline) and open waters further offshore. The model uses a Spherical Multiple 

Cell grid (Li, 2011, 2012), based on a rotated north pole at 177.50°E 37.50°N in order to achieve an 

evenly spaced mesh around UK. Two levels of refinement are applied, at approximately 3km and 
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1.5km, using refinement criteria based on both proximity to the coast and water depth. 1.5km cells 

are used for all locations where averaged depths are less than 40m. The grid covers a region from 

approximately 45°N, 20°W to 63°N, 12°E and uses bathymetry and coastal masking derived from a 

1.5km NEMO configuration (Graham et al., 2017) and based on EMODnet Phase I data 

(http://www.emodnet.eu/bathymetry ) corrected to mean sea level. Further details of the model are 

given in Saulter et al. (2017) 

In common with the most recent wave configurations developed at the Met Office, wave source terms 

are based on the ST4 package following Ardhuin et al. (2010), whilst nonlinear terms use the Discrete 

Interaction Approximation (DIA) package following Hasselmann et al. (1985). Trials with this 

configuration led to setting the ST4 BETAMAX parameter to 1.36 in order to optimise results when 

forced by Met Office wind data. Shallow water physics are applied, parameterizing bottom friction 

using a JONSWAP formulation (Hasselmann et al., 1973), with gamma set to 0.038, and depth 

induced wave breaking based on the Battjes and Janssen (1978) scheme, with a coefficient set to 0.2 

in order to limit a previously observed ‘capping’ of significant wave heights during high energy 

storms. The propagation scheme associated with the SMC model grid is based on a 2nd order 

upstream non-oscillatory scheme (Li, 2008) with Garden Sprinkler Effect (GSE) alleviation based on 

a hybrid swell age diffusion and averaging scheme (WAVEWATCH III Development Group, 2016). 

The regional wave configuration is nested (one-way) to a global model (Saulter et al., 2016) resolved 

at approximately 25km along the regional model’s western boundaries. Atmospheric (wind) forcing 

in this study used data from a global configuration of the Met Office Unified Model with a temporal 

resolution of 1 hour and a horizontal spatial resolution of approximately 17km. Surface current data 

were retrieved from the 1.5km resolved Northwest Shelf regional configuration of the NEMO ocean 

model (AMM15) provided for CMEMS. For the regional ocean, lateral boundary conditions are taken 

from a NEMO global Forecast Ocean Assimilation Model (FOAM; O'Dea et al., 2012), with tidal 

forcing on the open boundary generated via Flather radiation boundary condition (Flather, 1976). 

Ocean surface forcing (heat, moisture, wind speed and surface pressure data) came from the same 

global atmospheric model used to force the waves. Both wind and surface currents are interpolated 

to the 3km cell scale for compatibility with the base resolution SMC grid cells.  

 

7.2.2. Observation data sources 

In-situ data  

In-situ data are based on collections in the Met Office meteorological observations database, known 

as the MetDB. Significant wave height, period and (where available) direction data are sourced from 

three key collections. The majority of open waters data are sourced from datasets transmitted over 

Global Telecommunications System (GTS). These comprise measurements from a variety of wave 

buoys with mounted heave sensors and fixed platforms that use downward facing laser altimeters or 

radar. Coastal wave data are sourced from two coastal observatory programs running networks of 

spectral wave buoys around the UK; the Channel Coast Observatory (http://www.channelcoast.org/ ) 

and Wavenet (https://www.cefas.co.uk/cefas-data-hub/wavenet/ ). A number of the Channel Coast 

Observatory buoys are sited particularly close to the coastline, generally in water depths of 10m above 

Chart Datum. An overview of the geographic distribution of in-situ data is given in Figure 7-3. 

 

Satellite altimeter data 

Satellite altimeter observations of significant wave height are sourced from or the CERSAT merged 

altimeter dataset (Queffeulou, 2013) and CMEMS. The former data collection includes, for the period 

http://www.emodnet.eu/bathymetry
http://www.channelcoast.org/
https://www.cefas.co.uk/cefas-data-hub/wavenet/
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assessed, data from Jason-2, Cryosat and SARAL-Altika missions, and has the convenience of 

including a quality controlled and calibrated significant wave height product for each 

instrument/mission in addition to the raw data. Data from newer missions, namely Sentinel-3 and 

Jason-3 were retrieved from CMEMS. Of particular interest to the CEASELESS project are altimetry 

data from the Sentinel-3 mission (https://sentinels.copernicus.eu/web/sentinel/missions/sentinel-3 ). 

One expectation is that these new observations will be significantly improved in terms of the quality 

of significant wave heights retrieved from the coastal zone, enabling an improved coverage for coastal 

assimilation. 

 

7.3.  Data assimilation method 

7.3.1. NEMOVAR 

NEMOVAR is an incremental first guess at appropriate time three-dimensional (3DVAR) data 

assimilation scheme co-developed by ECMWF (Mogensen et al., 2009, 2012), Met Office (Waters et 

al., 2015), CERFACS and INRIA for operational assimilation in ocean models. For the wave model, 

the scheme is used to assimilate measurements of significant wave height, which is a scalar variable 

representing ocean surface wave energy. NEMOVAR generates model increments for this state 

variable based on minimising the observation-background (model) error cost function in both sea-

surface x, y dimensions and time across the assimilation cycle. Details of the NEMOVAR set-up for 

the regional wave model were established based on a number of (one month long) configuration 

experiments1. 

Background-error correlations are modelled using a diffusion equation based on a predefined function 

which, in these experiments, is based on a Gaussian. The function is applied using lengthscales 

derived from a fit to covariances established using the Quick Canadian method (Polavarapu et al., 

2005). An isotropic assumption, that the lengthscales are universal in direction from a given location, 

is expected to be unlikely to hold within a regional sea, due to variations in fetch and gradients in 

bathymetry. Configuration experiments were undertaken to assess the skill impact, versus a simple 

uniform and isotropic lengthscale across the domain, from using: a) domain variant isotropic 

lengthscales; b) domain variant lengthscales in the grid x-y directions; and c) temporally and domain 

variant isotropic lengthscales, based on wave direction (see CEASELESS report D2.1 for further 

details on the time and domain variant scheme). Figure 7-2 (top left panel) demonstrates that the 

domain variant and invariant lengthscale schemes have very similar impacts on short range forecast 

skill (see Section 7.4 for a discussion of the skill score). The time variant and x-y variant schemes do 

not perform as well. Based on these results the domain variant (isotropic) lengthscale scheme has 

been used for further experimentation. Using this approach, lengthscales in the domain vary from 

approximately 60km in coastal regions and the eastern English Channel and Irish Sea, to 150-200km 

in the North Sea and western part of the Northwest European continental shelf, to 250-300km in 

deeper waters of the North Atlantic. 

Background and observation errors are quantified based on estimates made in triple collocation 

studies (Janssen et al., 1997; Palmer and Saulter, 2013). Of particular relevance to this study, Palmer 

and Saulter (2013) found consistent error standard deviations of 8%, 12% and 15% of climatological 

background significant wave height respectively for satellite altimeter, in-situ data and model in the 

vicinity of the northwest European shelf. The use of a temporally dynamic application of these error 

                                                 
1 All NEMOVAR sensitivity experiments discussed in this subsection and used to finalise an optimal NEMOVAR set-

up were run using a coarser (7km) wave model configuration, as described in CEASELESS deliverable report D2.1. 

The skill scores used to evaluate impact on the assimilation scheme are discussed in Section 7.4. 

https://sentinels.copernicus.eu/web/sentinel/missions/sentinel-3
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factors to the background wave field (i.e. error standard deviation for model and observations varies 

in magnitude with each analysis cycle, but the linear relationship between these values remains 

constant), was tested against experiments where observation error standard deviations a) used a 

spatially invariant constant value, and b) used a spatially variant but temporally constant value (based 

on the 2-year wave height climatology). Results from these tests (Figure 7-2, top right panel) 

demonstrated that the dynamically variant error standard deviations performed best and, therefore, 

these have been applied in this study. 

 

 

Figure 7-2: Changes in SWH Mean Squared Error ‘Skill’ (MSE/Observation Variance) for assimilation trial 

experiments versus a non-assimilative control run. Top left, impacts of lengthscale schemes; top right impacts of 

varying method to derive standard deviation of observation errors; bottom left, impacts of spectral update 

schemes; bottom right, impacts of varying in-situ data volumes using random data selection. 

 

 

A 6 hourly update cycle is chosen in order to enable a relatively straightforward application of 

NEMOVAR that applies increments, via direct initialisation, at the end of the analysis cycle. The 

incremented wave model conditions are then used to restart the next model forecast cycle. Any 

longer window would require a more dynamic approach in which the assimilation scheme is 

embedded with the numerical model (for example an ‘incremental analysis update’ scheme, as used 

for operational NEMO assimilation at the Met Office using a 24 hour window), and would 

potentially need to include methods to ensure that wave energy and wind speed corrections are 

dynamically balanced (Lionello et al., 1992). Conversely, a shorter window would be unlikely to 
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obtain sufficient observations for the assimilation to work effectively, due to irregularities in the 

number of satellite altimeter passes through this region in a given time (as has been illustrated in 

deliverable report D2.1). 

 

7.3.2. Wave height assimilation with a Spherical Multiple-Cell grid wave model 

Due to the nature of the available observations only a single state variable, significant wave height, 

is incremented by NEMOVAR. In order for these increments to be used by the wave model, they 

must then be applied over the two-dimensional (frequency-direction) spectral energy density grid 

used to describe wave field statistics at each spatial grid cell in the model. Prior to the spectral update, 

an additional step quality controls the significant wave height increments in order to ensure 

consistency in the resulting wave field, e.g. by checking that the increments will not result in zero or 

negative wave energy. 

Options for how the significant wave height correction is propagated across the spectral domain 

include a simple rescaling of the wave energy in each bin (which adjusts energy and conserves the 

spectral bin in which peak energy frequency resides, but does not conserve overall wave steepness), 

or more sophisticated methods (such as Lionello et al. 1992; Kohno et al., 2011) which adjust both 

energy and peak frequency in line with predicted wave growth relationships and apply the corrections 

to a targeted subset of spectral bins dependent on the dominance or otherwise of wind-sea. As part of 

the assimilation configuration testing, four update methods were trialled: 

a) energy re-scaling for all spectral bins; 

b) energy re-scaling for targeted spectral bins, where only bins influenced by the forcing wind 

were corrected when wind-sea contributed greater than 50% of overall energy, and all spectral 

bins were adjusted otherwise; 

c) using the same targeted adjustment as for b), but with the additional redistribution of wave 

energy in frequency space for wind-sea dominated cases, using Toba (1972)’s relationship 

between significant wave height and peak period for growing wind-seas; 

d) as for c) but re-distributing wind-sea component energy in frequency space for all cases in 

which wind-sea was identified. 

Of the various update methods, the largest impact was found when option c), a flavour of the Lionello 

et al. (1992) scheme was applied (Figure 7-2, bottom left panel). This update method is used in all 

the experiments subsequently discussed in this report. 

In its native form, the SMC grid model is both unstructured (i.e. uses a one-dimensional cell array in 

which adjacent cells are freely distributed) and, for this configuration, specified relative to a rotated 

pole. However, a virtue of the grid is that it can be very efficiently mapped from its native form to a 

regular latitude-longitude grid, due to its basis on regular latitude-longitude cell types. At the same 

time, NEMOVAR is readily configured for use with rotated poles. As a result, the model could be 

interfaced with the assimilation scheme in a comparatively straightforward manner by first converting 

to a regular latitude-longitude form, running the NEMOVAR step, and then mapping back to the 

SMC grid cell array for the spectral update step. For the NEMOVAR step, model background fields, 

covariance lengthscale arrays and the resulting increment fields are re-gridded into the regular 

latitude-longitude form using the SMC grid’s highest cell resolution (1.5km). 
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7.3.3. Observation processing 

The innovations (observation minus background values) provided to NEMOVAR are derived using 

a nearest neighbour approach as the observation operator. For collocation, the wave model 

background field is defined every half hour and at a horizontal resolution of 1.5km. At these 

resolutions it is expected that the model and observations are sufficiently collocated to enable a direct 

match. 

In order to ensure a similar representation scaling in the different observation types altimeter data are 

super-observed to an approximately 20km lengthscale, equivalent to three 1Hz soundings. This is 

anticipated to be broadly equivalent to a 20-30 minutes sample of waves measured and processed by 

an in-situ instrument. 

Quality control follows an approach in which observations with significant wave height lower than a 

given threshold are rejected (particularly for altimetry on signal to noise grounds), whilst potentially 

spurious innovations are rejected where model-observation differences exceed a given limit. The 

match-up process also includes quality control in the sampling of observations very close to the 

coastline, either via blacklisting for in-situ observations or, for altimeter data, applying a coastal mask 

to the background field at match-up time to remove any observations within a given distance of the 

coastline. The effect of varying this coastal mask for Sentinel-3 and Jason-3 data is assessed in the 

following experiments. 

In addition to blacklisting, in-situ observation processing was also set up to allow a ‘greylisting’ 

procedure to vary the observation sample size used in assimilation. The term greylist is employed 

here to denote observations which can be accepted by the assimilation system, but that are sub-

sampled in order to increase the levels of independence between match-up data and/or vary the weight 

that is given to certain observation sites or types. For sub-sampling, a simple scheme was employed 

where data were randomly drawn from the full (offshore or coastal) collection of available in-situ 

observations available from the 6-hour matchup dataset. Results of preliminary greylisting 

experiments (Figure 7-2, bottom right panel) illustrate that incorporating the in-situ observations has 

a significant positive impact on validation (albeit against the same in-situ observations that are 

assimilated, see Section 7.4 for discussion), but that the return diminishes as the number of 

observations used are increased. As a result, a greylisting scheme using 50% of in-situ observations 

was applied in further experiments, when in-situ observations were used. 

 

7.4.Experiments 

Forecast impact experiments using the high-resolution regional wave model were conducted for a 2 

month run period covering February-March 2017. For these experiments the focus was on the use of 

observations and understanding how they impact predictive skill in various parts of the model domain. 

Table 7-1 describes the observational set-up in each experiment, including the amm15s experiment 

which serves as a non-assimilative control run. 

For each experiment, the predictive skill of the modelling system is measured against a subset of in-

situ observations representing different aspects of the domain (Figure 7-3): 

• Offshore Atlantic Approaches; open waters with long fetch (from west) and low density of 

in-situ observations 

• Offshore North Sea; open waters fetch limited region with high density of in-situ observations 
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• UK East Coast; coastal waters fetch limited region with high density of observations further 

offshore 

• UK South Coast; coastal waters fetch limited region with low density of observations further 

offshore 

 

Table 7-1 Experiment identifiers and use of observations  

Experiment Altimeters Offshore in-situ Coastal in-situ 

amm15s None None None 

amm15s-acma Apply 40km coastal mask None None 

amm15s-aext Apply 8km coastal mask to 

Sentinel-3 and Jason-3; 

40km coastal mask 

otherwise 

None None 

amm15s-acma-ig05 Apply 40km coastal mask Greylisted at 50% None 

amm15s-acma-cg05 Apply 40km coastal mask Greylisted at 50% Greylisted at 50% 

amm15s-aext-cg05 Apply 8km coastal mask to 

Sentinel-3 and Jason-3; 

40km coastal mask 

otherwise 

Greylisted at 50% Greylisted at 50% 

 

 

 

Figure 7-3: Locations of in-situ observations incorporated into the assimilation scheme (grey circles) and used in 

verification (coloured crosses). 
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For the Atlantic Approaches, UK East and South Coasts, the limited availability of surrounding in-

situ measurements means that the majority of experiments where in-situ data are used in the 

assimilation scheme include greylisted observations from the same locations used for verification. 

This clearly reduces the levels of independence between the assimilating model and the verifying 

observations, such that the experimental results must be contextualised. In this case, we can consider 

those experiments that use altimeters only as a genuinely independent test of the assimilation system’s 

impact throughout the domain, whilst the experiment which incorporates offshore in-situ observations 

only (amm15s-acma-ig05) is independently verified in the coastal zone. For the remaining 

experiments, the results are considered valid in answering the question “will the assimilative model 

produce data that more regularly fall closer to the observations than the model free run”. From a user 

perspective this is a valid system requirement, since the in-situ observations tend to be considered a 

de-facto “truth” and users want these and the predictive model to be as consistent as possible. 

Forecasts, up to 24 hours ahead, were generated for each of the 0000Z cycles in the model runs and 

used to evaluate the assimilation impact. To measure this in a relative sense, a skill score is introduced 

based on the Mean Squared Error (MSE) and using the observed mean as a reference: 

 𝑆𝑘𝑖𝑙𝑙𝑀𝑆𝐸 =
𝑀𝑆𝐸[𝑚𝑜𝑑𝑒𝑙−𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛]

𝑀𝑆𝐸[𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑𝑚𝑒𝑎𝑛−𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛]
=

∑(𝑥𝑚𝑜𝑑𝑒𝑙−𝑥𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑)
2

∑(�̅�𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑−𝑥𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑)
2, 

which takes a range of 0, where the model perfectly replicates the observations, to infinity. A value 

of 1 indicates where the model predictions have the same skill as the observed (climatological) 

average. The choice to use MSE as the skill measure in this instance allows a simple decomposition 

of the score into parts representing the contributions of systematic bias and error variance, i.e.:

 𝑆𝑘𝑖𝑙𝑙𝑀𝑆𝐸 =
𝐵𝑖𝑎𝑠2+𝑉𝑎𝑟[𝑥𝑚𝑜𝑑𝑒𝑙−𝑥𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑]

𝑉𝑎𝑟[�̅�𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑−𝑥𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑]
. 

This enables the changes in both systematic and random aspects of model performance to be 

evaluated. The impacts of the data assimilation can then be measured as the change in contributions 

to SkillMSE between experiments including assimilation and the non-assimilative control run. In this 

case we adopt the convention assimilation experiment minus control, such that negative values 

indicate that the assimilative model has an improved skill versus the control. 

 

7.4.1.  Results 

Results presented in this subsection are based on verification of significant wave height. Figure 7-4 

shows the assimilation impact, for each of the four regions verified and over forecast lead times from 

0-23 hours, for experiments where altimeter data only were applied (amm15s-acma and amm15s-

aext). For the two runs that were tested, the key difference is application of a reduced coastal mask 

for Sentinel-3 and Jason-3 observations, which were only rejected within 8km of the (model) coastline 

for the amm15s-aext run, but were masked within 40km of the coast in amm15s-acma. For both 

experiments, the assimilation has an overall positive impact for the first 12 hours of forecast and tends 

rapidly toward the control thereafter. Generally, the change to the bias contribution is neutral, 

although the North Sea verification indicates some degradation versus the control in the first 6 

forecast hours. This effect may be due to inconsistencies in the calibration between altimeter and in-

situ data, which is hard to do correctly in the North Sea due to the rich variety of measurement 

platforms and instruments included in the in-situ dataset. For the coastal regions, the variance 

component of skill difference between the control and assimilative runs is largest at approximately 

3-4 hours into the forecast, presumably reflecting the time taken for wave energy corrected further 

offshore to travel to the coast. 
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Figure 7-4: Changes in Bias (dashed line) and Error Variance (solid line) contributions to SWH SkillMSE, versus 

the control experiment, for assimilation experiments using altimeter observations only (amm15s-acma), and 

extension of Sentinel-3 and Jason-3 data into the near-coastal zone (amm15s-aext). 

 

 

In these experiments, the effect of extending the coverage of Sentinel-3 and Jason-3 was found to be 

almost negligible, even for the coastal region verification. The result is perhaps not so surprising 

when it is considered that a) coastal zone corrections will be highly localised, relying on regular 

passes of the altimeters near to a verifying buoy; and b) the extension in coverage provides only a 

modest increase in data volumes versus the amount of data already being used to adjust wave energy 

further offshore. This is illustrated further in Figure 7-5, which uses the root mean squared value of 

increments applied at analysis time as a measure of the ‘work done’ by the assimilation scheme. 

Across the domain these values will be a function not only of the magnitude of increments being 

applied, but also the levels of coverage provided by the assimilated observations. In Figure 7-5 

differentials in increment RMS are found around coastal areas throughout the domain, due to the 

increased altimeter coverage in the amm15s-aext run, but are relatively small (particularly when 

contrasted with later examples). From this it is inferred that either increments are not particularly 



H2020-EO-2016-730030- CEASELESS 

 
86 

large in these regions or, more likely, that the irregular over-pass of the altimeter leads to these having 

a reduced influence when considered over the entirety of the 2 month evaluation period. 

 

 

 

Figure 7-5: (Top) Comparison of root mean squared SWH analysis increments from assimilation experiments 

using (bottom left) altimeter observations only (amm15s-acma), and (bottom right) extension of Sentinel-3 and 

Jason-3 data into the near coastal zone (amm15s-aext) 

 

 

Figure 7-6 evaluates the impact assimilation when adding offshore in-situ observations (amm15s-

acma-ig05) to the open waters altimeter data (amm15s-acma). Overall, the impact of the assimilation 

is improved for all of the verifying regions at assimilation time. Figure 7-7 demonstrates that, with 

the inclusion of in-situ observations the assimilation system makes larger, or more regular, 

adjustments to the analysis field. These increments should be expected to have a positive impact since 

on short range forecast skill since a number of the verifying observations are included in the 

assimilation. 

However, aside from the analysis (T+0), the assimilation of the offshore in-situ observations is seen 

to impact forecasts in the offshore and coastal regions on different timescales (Figure 7-6). For the 

offshore locations, the additional impact is concentrated in the first 3 hours of the forecast. This is 

consistent with the benefits of a localised correction and would be expected when the verifying 

observations are also used in the assimilation. However, the reduction in impact after 3 hours indicates 

that the local corrections add little system memory, over and above what is achieved through the 

broader geographic assimilation provided by the altimeter data. The benefit of the localised 

corrections is emphasised in the short lead time improvement in bias contributions relative to the 

altimeter only run. Conversely, in the coastal zone, where no local corrections are made in these 

experiments, bias contributions are largely unchanged. However, the improved impacts to coastal 
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zone variance contributions are retained for slightly longer (up to 6 hours). Again, this is presumed 

to be as a result of the time taken for (corrected) energy propagation from offshore to the coastal zone. 

 

 

 

Figure 7-6: Changes in Bias (dashed line) and Error Variance (solid line) contributions to SWH SkillMSE, versus 

the control experiment, for assimilation experiments using altimeter observations only (amm15s-acma), and 

altimeter plus offshore in-situ observations (amm15s-acma-ig05). In-situ observations were greylisted at 50%. 
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Figure 7-7: (Top) Comparison of root mean squared analysis SWH increments from assimilation experiments 

using (bottom left) altimeter observations only (amm15s-acma), and (bottom right) altimeter plus offshore in-situ 

observations (amm15s-acma-ig05). In-situ observations were greylisted at 50%. 

 

 

Figure 7-8 assesses the impact of including coastal in-situ observations (amm15s-acma-cg05) and 

extending the altimeter coverage toward the coastal zone (amm15s-aext-cg05), versus using open 

waters observations only (amm15s-acma-ig05). As might be expected, bearing in mind the relatively 

short correlation lengthscales in this region, the impact of including coastal data is close to negligible 

for the verification at offshore sites (North Sea and Atlantic Approaches). This is consistent with a 

relatively limited change in increment RMS in the majority of offshore regions (Figure 7-9). 

For the coastal regions the impact at analysis time (T+0) is large, in line with changes in the coastal 

zone RMS increments local to clusters of observation sites (Figure 7-9). However, the effect of these 

corrections is lost almost immediately for forecasts of the UK South Coast and within 3-4 hours for 

the UK East Coast. This rapid degradation is likely to be a function of both the process scales local 

to the coast (e.g. regular rapid changes in wave energy associated with short fetch, shallow water 

dissipation and tidal effects) and the influence exerted on predicted wave conditions by wave energy 

directed shoreward from the offshore regions of the model. 
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Figure 7-8: Changes in Bias (dashed line) and Error Variance (solid line) contributions to SWH SkillMSE, versus 

the control experiment, for assimilation experiments using altimeter observations plus offshore in-situ 

observations (amm15s-acma-ig05); offshore and coastal in-situ observations (amm15s-acma-cg05); and extension 

of Sentinel-3 and Jason-3 data into the near-coastal zone plus offshore and coastal in-situ observations (amm15s-

aext-cg05). All in-situ observations were greylisted at 50%. 

 

 

7.4.2. Discussion 

Forecast experiments, using a relatively high-resolution regional wave model, have demonstrated a 

positive impact of data assimilation on short range (up to 12 hours) predictions of significant wave 

height in both offshore and coastal areas of the model domain. Although correlation lengthscales 

within the domain can be relatively short, the effects of the assimilation are not simply localised. For 

example, assimilation of altimeter data in open waters leads to some improvements in the coastal 

zone. In the coastal zone, the lead time at which maximum impact occurs (relative to a non-

assimilative control model) is found a few hours into the forecast. This is believed to be the result of 

the time it takes for wave energy corrected further offshore to propagate into the coast and influence 

the coastal forecast. 
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Figure 7-9: (Top) Comparison of root mean squared analysis SWH increments from assimilation experiments 

using (bottom left) altimeter plus offshore in-situ observations (amm15s-acma-ig05), and (bottom right) 

extension of Sentinel-3 and Jason-3 data into the near-coastal zone plus offshore and coastal in-situ observations 

(amm15s-aext-cg05). In-situ observations were greylisted at 50%. 

 

 

The 12 hour regional system memory for the assimilation is relatively short when compared with the 

up to 2 days memory cited for global systems (Lefevre and Aouf, 2012). The effect on forecast usage 

is exacerbated when it is considered that, in practise, an analysis run is often undertaken six or more 

hours after the given analysis time within operational modelling suites. The limited system memory 

is most likely due to a) the quality of forcing conditions being applied to the model; and b) any 

systematic biases or errors inherent in the wave model itself. Both processes tend the model toward 

its non-assimilative run state, with the time taken to do so mainly governed by local fetch lengths and 

to what extent the conditions are wind-sea dominated. This is illustrated by the reduced system 

memory seen in the North Sea and UK East Coast (11-12 hours) versus the Atlantic Approaches (15 

hours), and the further reduction for the UK South Coast (8 hours). In certain locations and scenarios, 

strong tidal influences may also serve to reduce system memory times. Overall, the tendency of the 

regional wave model to become dominated by these process errors in a comparatively short time, 

implies that further improvements in assimilation impact with lead time will need to be achieved 

through a mix of assimilation method with improvements in both the forcing data and background 

wave model parameterizations. For example, in a coupled atmosphere-wave model, multi-variate 

assimilation might enable a better dynamical balancing between wave and atmosphere models 

through correction both initial wave and wind (surface atmosphere) conditions. 
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Figure 7-10: Changes in Bias (dashed line) and Error Variance (solid line) contributions to SWH SkillMSE, versus 

the control experiment, for assimilation experiments using altimeter with extension of Sentinel-3 and Jason-3 

data into the near-coastal zone plus offshore and coastal in-situ observations (amm15s-aext-cg05), versus a 

similar experiment where validating observation locations in the offshore were removed (amm15s-aext-cb05). All 

in-situ observations were greylisted at 50%. 

 

 

Within the region studied, the distribution of in-situ observation locations across the domain made it 

difficult to separate validating observation sites from assimilated data sites, particularly in coastal 

areas. From a practical perspective, it is argued that a verification of the analysed wave conditions 

and subsequent forecasts when all in-situ observations are used in the assimilation is still a useful 

measure of assimilation impact, since the verification evaluates how consistent analysis and forecasts 

become relative to an in-situ observed ‘truth’ that users are likely to adopt. Furthermore, through 

assessing experiments where offshore and coastal in-situ measurements were not used, some 

understanding of the assimilation scheme’s ability to impact forecast quality at locations independent 

of the assimilated observations (i.e. the likely impact on quality throughout the domain) can be 

reached. In particular, experiments comparing altimeter only assimilation with experiments where in-

situ data were also incorporated showed similar impacts after approximately 3 hours into the forecasts 

in the offshore zone. These result suggest that, not far beyond the analysis, the broadscale assimilation 

of spatially distributed observations has both a positive and more long lasting effect than a localised 
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correction. Similarly, analysed improvements in skill in the coastal zone found when using coastal 

observations, reduced to a similar value to those from using offshore observations only within a few 

forecast hours. As an additional test, Figure 7-10 shows a comparison between the amm15s-aext-cg05 

experiment and a similarly set-up run for which the offshore buoys used in verification were removed 

(amm15s-aext-cb05). In this case, the local influence of the verifying buoys was lost in the offshore 

zone after 2 forecast hours. Coastal forecasts were slightly detrimented over the first 9 hours, 

presumably due to the reduced volumes of data being assimilated further offshore. Reviewing all the 

experiments holistically, it can be inferred that away from in-situ observation sites the assimilation 

scheme is likely to improve model skill by 1-2% over the first 12 hours of the forecast. 

An abstracted ‘skill score’ has primarily been used to measure assimilation impact, due to a need to 

focus on the relative change in model forecast performance with and without assimilation and because 

the verification has been carried out over regions of the model domain with very different wave height 

climatology. To contextualise these improvements, it is important to take a further look at both the 

background model skill and actual error statistics. In this instance, the model is relatively skilful in 

both offshore and coastal regions, with SkillMSE scores of 5-8% of observed variance offshore and 10-

12% coastally. Thus, the inferred improvement of 1-2% in skill is substantive against an already low 

background error. To quantify the practical outcome, Figure 7-11 shows the RMS error scores for 

significant wave height against lead time. The impact is clearly more substantive in the more energetic 

offshore regions, with RMSE reductions of 5-10cm in the first 9 hours of the forecast, whilst RMSE 

is only reduced by the order of 1-3cm in the coastal zone. Therefore, whilst the assimilation scheme 

is found to positively impact the forecasts across the full domain, the forecasts most practically 

benefitted by adopting such a system will likely be those in regions with high energy and variability. 

In addition to forecasts of significant wave height, the impacts of assimilation were also tested for 

peak and mean zero-upcrossing wave period and, where available in the coastal zone, direction and 

spreading parameters. For all these other parameters the assimilation scheme had near negligible 

impact. The inference from this result is that model-observation errors for these parameters are 

strongly dominated by fundamental errors, in either the model schemes or observations, which the 

analysed increments in wave energy fail to mitigate. In modelling terms, these parameters are harder 

to predict to predict than significant wave height, since both wave energy and its distribution in (two-

dimensional) spectral space need to be correctly represented. Furthermore, the parameterizations used 

in the wave model, whilst in principle allowing a free evolution of the wave spectrum, are likely to 

tend the modelled wave spectrum toward a certain shape (e.g. JONSWAP) which may not be always 

representative of individual situations being observed. At the same time, the observation of these 

parameters is not precise (for example a number of sites only report period to the nearest second) and 

may be calculated using different spectral cut-offs (e.g. in frequency space due to platform size) from 

those applied in the wave model. Insufficient metadata was available to make sensible choices about 

harmonising observed and modelled spectral cut-offs in this study. In global wave data assimilation 

systems similar results are found for altimeter data assimilation, although more positive results have 

been achieved where Synthetic Aperture Radar wave spectra are also assimilated (Lefevre and Aouf, 

2012). 

Overall, the significant impacts to offshore wave height skill (and more modest improvements in the 

coastal zone) mean that the assimilation scheme does add sufficient benefit to a predictive model 

system to be considered for operational usage. However, the limited system memory for a regional 

system, such as this one, suggests that these would be best applied in a rapidly cycling short range 

forecast system (e.g. for nowcasting lead times up to 18 hours with an update frequency of 4 times 

per day or more), or within a reanalysis product. 
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Figure 7-11: SWH RMSE values for control run (amm15s) plus assimilation experiments using altimeter 

observations plus offshore in-situ observations (amm15s-acma-ig05); offshore and coastal in-situ observations 

(amm15s-acma-cg05); and extension of Sentinel-3 and Jason-3 data into the near-coastal zone plus offshore and 

coastal in-situ observations (amm15s-aext-cg05). All in-situ observations were greylisted at 50%. 

 

 

7.5.  Conclusions 

An assimilation scheme applying NEMOVAR and a regional configuration of WAVEWATCH III 

using a Spherical Multiple-Cell grid with rotated pole has been developed. Optimal results were found 

for a set up using domain variant isotropic lengthscales, time and domain variant error covariances 

and a wave model spectral update based on Lionello et al. (1992). The assimilation scheme has been 

demonstrated to have positive impact on significant wave height forecast skill, over lead times of up 

to 12 hours, in both offshore and coastal zone parts of a regional wave model.  

Local to in-situ observations sites, short range (mean squared) errors are reduced by 2-5%, against a 

background mean squared error skill of 5-12%. Estimates from verification where observational 

independence is introduced suggest a domain wide improvement of 1-2% and for forecast lead times 

of 3-12 hours. In practical terms, these are realized as a 5-10cm improvement in RMSE for offshore 
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locations in the North Sea and Atlantic Approaches and 1-3cm improvements in UK East and South 

Coast areas. 

The comparatively short system memory times and lack of extensibility of the assimilation 

improvements to other parameters suggest that further improvements are only likely to be achievable 

where assimilation is applied in parallel with improvements to both the data forcing the model 

(atmospheric surface winds, ocean surface currents) and the model’s internal parameterizations of 

wave growth and dissipation. In lieu of these improvements, the recommended application for this 

type of assimilation is in either a rapidly cycling short range forecast system (e.g. for short range 

nowcasts), or a reanalysis product. 
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8. SUMMARY AND RECOMMENDATIONS 

8.1.  Data assimilation impacts on system memory in open seas 

ECMWF experiments (Sub-section 3.3), using a stand-alone global wave model configuration plus 

optimal interpolation assimilation scheme for altimeter significant wave height (SWH), have 

demonstrated a positive impact on significant wave height forecasts, for up to 48 hours globally and 

72-84 hours in the Tropics. A specific assessment of the benefit of newer satellite missions, i.e. 

Sentinel-3A and Sentinel-3B, shows an impact equivalent to that produced by assimilating three of 

the older satellites: CryoSat-2, SARAL/AltiKa and Jason-2 (albeit that during the period considered 

Jason-2 was in the safe mode for about 10 days). 

Another set of experiments (Sub-section 3.4) were used to assess the impact of assimilating wave in-

situ measurements of significant wave height. These data are sparse in space; in particular, the in-situ 

network covers mainly the European and North American coastlines. However, since the in-situ 

platforms do not move, they provide a persistency of measurements in time not available from satellite 

data. These more frequent reports required a new development at ECMWF to enable an hourly data 

assimilation cycle, via introducing its Observational DataBase (ODB) to the stand-alone wave model. 

Results from the experiments show that although the impact of assimilating in-situ SWH data is 

limited both in space and through the forecast range, such impact improves the model analysis and 

forecasts when added on top of altimeter data. The impacts are at their most substantive in the first 

24 hours of the forecast. 

In assessing those experiments where altimeter and in-situ data are used as both a source of the 

innovations for assimilation and as the verifying “truth”, it is necessary to be aware of the potential 

reductions in the level of independence between the assimilating model and the verifying 

observations. This is most easily considered in the time domain, where the model analysis (forecast 

lead time of 0) will be heavily influenced by the observations whilst, as forecast lead time, increases 

the level of dependence between model and observations will decrease. Following this logic through, 

the true system memory impacts of the assimilated observations might only be expected to 

quantifiable at lead times of 6-12 hours or longer (i.e. a timescale beyond any persistence in the wave 

conditions). However, quantification of the impacts at shorter lead times is still both useful and valid 

in answering the question “will the assimilative model produce data that more regularly fall closer to 

the observations than the model free run”. From a user perspective this is a useful requirement, since 

observations tend to be considered a de-facto truth and users want these and the predictive model to 

be as consistent as possible; for example in re-analysis products. 

 

8.2.Data assimilation impacts on system memory in regional/coastal seas 

HZG (Section 4) and Met Office (Section 7) experiments have focused on applications of data 

assimilation in a regional wave model framework, with a common region in the North Sea for both 

studies. 

The HZG scheme, which used altimeter observations only and an hourly optimal interpolation 

analysis cycle, showed that assimilation of satellite altimeter SWH data from Jason-3, Sentinel-3a, 

Cryosat-2 and Saral/Altika missions has only a small positive influence on model verification 

statistics. In addition, the system memory for the assimilation using this system was found to be very 

short-lived, on the order of 2-3 hours. Case study analyses of the assimilation effects suggests that 

part of the reason for these limited impacts may be the relative sparseness of satellite passes, which 

only influence the model over a small area and timespan and with relatively infrequent repeat cycles. 
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Nevertheless, increasing volumes of satellite data used in the assimilation led to only a minor 

improvement in system memory.  

For the Met Office experiments, which assessed impacts of both the altimeters and in-situ 

observations using a 3D-Var scheme and a 6-hourly analysis cycle, the assimilation scheme was 

slightly more successful, having demonstrated a positive impact on SWH forecast skill, over lead 

times of up to 12 hours, in both offshore and coastal zone parts of a regional wave model. In this case, 

estimates from verification where observational independence was introduced suggest a domain wide 

improvement in significant wave height forecast skill of 1-2% over forecast lead times of 3-12 hours 

due to the assimilation scheme. Stronger impacts, albeit localised in both time and space, occurred 

when in-situ data were introduced to the assimilation. 

These results can be contextualised, to a certain extent, by comparison with the analysis of combined 

in-situ and altimeter data assimilation impacts on the ECMWF global model in the North Sea. In that 

case, SWH forecasts scatter index (SI) was reduced, versus a non-assimilative control run, by 

approximately 3% at T+0 and 0.5% at T+12. Although not given in Sub-section 7.4.1, additional 

analysis of the Met Office experiments showed a reduction of 2% in SI at T+0 reducing to near 

negligible impact after T+9; whilst HZG impacts on SI were smaller again. However, these results 

do not bear a strict comparison; firstly due to the varying use of in-situ data and super-observed 

satellite measurements in both assimilation and verification and, secondly, due to potential 

differences in the baseline skill of the models being used and periods being studied. For example SI 

for the control run Met Office regional simulation was closer to 11% at T+0, versus 13.5% for the 

ECMWF global model in its experiments. Clearly, it should be harder for an apparently more skilful 

model to achieve the same relative improvements as a less skilful one, whilst the short correlation 

lengthscales found in the North Sea give an obvious advantage to those systems (Met Office and 

ECMWF) that assimilated local in-situ data. On the other hand, the ECMWF assimilation experiments 

demonstrated an improvement in mean wave period that was not found in either the Met Office or 

HZG studies, and this result would be worth looking into further. 

 

8.3.Coastal systems and scope for further assimilation improvements 

Comparison of regional experiments with those for the global ocean highlight the relatively short 

system memory for waves in regional seas. It is clear, from the results of this study, that delivering 

further system memory improvements will be a work in progress for some time to come. 

Nevertheless, the CEASELESS partner contributions in this report highlight the key system 

components that can be improved. 

The comparatively short system memory times and lack of extensibility of the assimilation 

improvements to parameters other than SWH (e.g. in Sub-sections 3.4, 4.4.3 and 4.4.4), suggest that 

further improvements are only likely to be achievable where assimilation is applied in parallel with 

improvements to both the data forcing the model (atmospheric surface winds, ocean surface currents) 

and the model’s representation of processes of wave growth and dissipation. For coastal systems a 

significant part of these improvements can still be achieved through the model configuration, 

particularly in terms of grid set-up. Work by UPC (Section 5) has demonstrated that unstructured 

grids have been proved to be a good alternative to the traditional nested grids for the Western 

Mediterranean Sea and the Balearic Sea domains, since they produce as good results as regular grids, 

whilst reducing the usage of boundary conditions and simplifying the simulations. The Met Office 

regional wave model for the northwest European shelf region (Subsection 7.2.1) was set up using a 

refined grid methodology for precisely these reasons. 



H2020-EO-2016-730030- CEASELESS 

 
97 

The design of an unstructured grid together with the preparation of the coastline is probably the most 

delicate part of the entire simulation process, since to obtain efficient unstructured grids several 

criteria need to be accounted for simultaneously. UPC propose two different criteria, that decrease 

the grid size in the areas near the coast and also in intermediate and shallow waters as a function of 

the depth and the bathymetric gradients. These criteria can be adapted to the characteristics of the 

computational domains and the wave conditions they are expected to reproduce. Nearshore validation 

of the resulting models (Sub-section 5.7) demonstrated that the unstructured grids perform correctly 

near the coast, with levels of quality depending on the domain geometry, meteo-oceanic conditions 

and the wind field resolution.  

Along similar lines, it is expected that wave data assimilation can be improved by developing aspects 

of the assimilation process to better account for the physical processes that underly wind-sea 

development, swell propagation and the interactions between waves and island/coastal topography. 

In Section 6, CNR present a sophisticated, but physically more realistic, method of establishing 

lengthscales based on establishing the spatial footprint of spectral components. The resulting analyses 

have been demonstrated to produce more physically realistic correlation coefficients than can be 

achieved with the more standard isotropic assumption. The lengthscale inhomogeneity issue was also 

addressed, albeit in more simple ways, in analyses underpinning the Met Office regional assimilation 

scheme (Sub-section 7.3). In that case, the impact from introducing more complex inhomogeneity to 

the system was not found to be positive. However, it is anticipated that more experimentation will be 

needed to clarify these results and, also, that the application of lengthscales for SWH assimilation 

may well have different sensitivities to the case of assimilating spectral components (e.g. from 

Synthetic Aperture Radar instruments).  

Finally, it seems clear, from the rapid response of waves in regional seas to the forcing winds, that 

system memory may be best improved through assimilation of wave data within a coupled data 

assimilation system. In that case the forcing atmosphere can potentially be corrected in balance with 

changes in sea-state. The operational community is slowly moving toward such systems, but practical 

implications of running coupled atmosphere-wave-ocean models mean that few centres run regional 

coupled models in a full operational mode. A major exception is ECMWF, whose further experiments 

with the new Sentinel data in their coupled system will set a useful benchmark for understanding the 

potential gains that can be delivered regionally. 

Complementing such improvements, it seems clear from HZG experiments that the comparative 

sparseness of satellite overpasses of small regional seas, coupled with the short correlation 

lengthscales of the waves, reduces the effectiveness of regional wave data assimilation versus that in 

the global oceans. Therefore, the introduction of further observation platforms (remote sensed or in-

situ) and wider-swath remote sensing instruments is still expected to improve the impact of 

assimilation in future. 

 

8.4.Recommended applications of data assimilation in present/near future 
systems 

Form the results of studies out in this work package CEASELESS, the following recommendations 

are identified: 

• The latest generation of satellite data (Sentinel-3A, Sentinel-3B and Jason-3) have a positive 

impact on wave data assimilation and have demonstrated some extensibility into the near-

coastal zone. These data can be readily considered for ingestion into operational assimilation 

schemes, subject to further testing. 
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• In-situ data have been demonstrated to have a significant positive impact, albeit short term 

and spatially localised, on wave data assimilation. These data can be considered for more 

regular use in operational forecast systems, subject to a (non-trivial) investment in data quality 

control systems and increased temporal cycling and further testing of operational impact. 

• At this point in their development, regional wave forecast models have been shown to have 

only a limited system memory of any data assimilation impacts. The results in this study 

suggest, therefore, that the recommended application for regional wave data assimilation is in 

either a rapidly cycling short range forecast system (e.g. for short range nowcasts), or a 

reanalysis product. 
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