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Abstract. This work describes how the fuzzy cluster logic (FCL) method can be used to analyze the sea surface
wave state. The FCL method is frequently used in pattern recognition, where in the most general case, clusters
are defined as sets of points that are grouped together according to some measure of similarity. Usually,
“similarity” is defined as proximity of the points according to a distance function. For our study, we worked with
a fusion of collocated wave model (WW3) and altimeter (ERS-2, TOPEX/ Poseidon, Jason-1 and GFO ) data set
for the first quarter of 2002 for the North Atlantic (NH winter). Altimeter data parameters used here include the
significant wave height and normalized radar backscatter cross section (σ o). For the wave model statistics, we
used the mean square slope (mss), the significant wave height for the full spectrum and for the wind sea
component. Based on the cluster centers, we can provide qualitative labels about the surface wave fields. The
results identified three different wave regimes for the first quart of 2002. The cluster 1 denoted the steep, the
cluster 2 is dominated by mixed sea (windsea and swell) and cluster 3 is associated with young seas (windsea).
Keywords: sea state, fuzzy logic, wave age, estado do mar, lógica nebulosa e idade da onda.

1. Introduction
Knowledge of sea state is critical for all human activities at sea, including among others,
shipping, fishing, offshore oil production and naval operations. In addition, the near shore
wave field is one of the most important parameters controlling coastal flooding, beach erosion
and accretion (Benavente et al. 2006; Murty, 1988). It also plays an active role in the oceanatmosphere exchange of heat and momentum (Fairall et al. 2003), especially at high wind
speeds (Powell et al. 2003), and hence should be taken into account in coupled oceanatmospheric models.
In traditional numerical ocean modeling, the momentum fluxes from the atmosphere to
the ocean are calculated from the wind speed provided generally by an atmospheric model,
using a drag coefficient that relates the 10-m winds to the surface stress (Moon et al. 2008). In
most parameterizations, the surface fluxes are only dependent on the local wind speed.
According to Saetra and Albretsen (2007), there are at least two problems with this approach.
First, unless care is taken that the identical formulation for the momentum flux is used as a
boundary condition in both the atmospheric and the ocean models, the net momentum flux is
not necessarily conserved. As a result, the amount of momentum lost by the atmosphere may
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be different from that gained by the ocean. A second point is that the surface stress is also, to
a large extent, dependent on the sea state, that is, on how the wave energy is distributed over
the frequency range (Geernaert et al. 1986; Powell et al. 2003)
The sea state is generally described by statistical variables, including the significant wave
height, peak period and peak wave direction, derived from the directional power spectrum of
the gravity waves. These parameters are dependent on the spatial and temporal local wind
variability (Drennan et al. 1999). This relationship is not direct, since the wind-waves
generated by intense storms become ocean swells as they leave their generation zone,
traveling long distances across the globe, in a range from 3 to 10 days (Collard et al. 2009).
Vandemark et al. (2006), analyzing the sea state impacts on global altimeters mean sea
level measurements, identified the possibility of using fuzzy algorithms for delimitation of
different sea states. This approach was done on a data set where altimeter products and
gravity wave model data are fused to objectively define differing wave provinces (i.e. wave
regimes or classes) using wave age and wave slope related parameters.
This work presents an analysis of the wave climate in the North Atlantic and for the
region 10oS to 50oN and 10oE to 60oW and for the months of January/February/March (NH
winter) using the FCL methodology as described by Moore et al. (2001) and developed by
Vandemark et al. (2006), combining altimeter and wave model data. This period was chosen
since it coincides with the season when the Intertropical Convergence Zone (ITCZ) makes its
southern migration towards the equator. During this period, the prevailing Northeast Trade
Winds from the northern hemisphere generate different sea states and the long fetch facilitates
the arrival of the swell waves at the Brazilian north coast. In addition, during this period
strong storms are developed in mid to high latitudes of the North Atlantic and can generate
swell wave trains that can propagate southward to low latitudes.
2. Methods
An essential component of this study is the fusion of collocated wave model and altimeter
data. The wave model used in this work is the Wave Watch III (Tolman et al. 2002). The
output fields of the wave model are obtained every six hour in a regional scale. In addition to
this simulated data set, the processing included a merging of model products with available
altimeter data (ERS-2, TOPEX/ Poseidon, Jason-1 and GFO) for the period between January
and March 2002. The satellite data is available in the AVISO website
(http://www.aviso.oceanobs.com/).
The process involves interpolating wave model output and altimeter products, to a
common 2o x 2o lat/long grid to obtain a quarterly average field for each variable.
Altimeter data parameters used here include the significant wave height (Hs) and
normalized backscatter radar cross section (σo). The following wave model statistics were
used: mean square slope (mss), significant wave height for the full spectrum range and for the
wind sea partition. Remaining details pertaining to these data can be found in Feng et al.
(2006); Tran et al. (2006).
2.1. Fuzzy C-Means
The Fuzzy C-Means (FCM), frequently used in pattern recognition, is a method of
clustering which allows one piece of data to belong to two or more clusters. In the most
general case, clusters are defined as groups of points that are similar according to some
measure of similarity. Usually, “similarity” is defined as proximity of the points according to
a distance function.
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Clusters representing one specific class in which each member has full membership, that
is, they do not belong to any other class, are called discontinuous or discrete classes. On the
other hand, classes in which each member belongs in some extent to every cluster or partition
are called continuous classes (McBratney and Gruijter, 1992). These classes are a
generalization of the fuzzy sets theory, and may have membership values ranging between 0
and 1, where 1 represents the membership cluster center and 0 represents complete
dissociation of the cluster.
The FCM algorithm attempts to minimize the objective function J m as defined in
equation 1:
NS NC

J m= ∑ ∑ μ mij d 2  X j ,V i 

(1)

k= 1 i=1

where: Ns is the total number of observations, j, in the data set; N c is the number of separate
clusters, i; d is the Euclidean distance between an observation vector X j and cluster center Vi ;
μij is the membership value of the jth observation to the ith cluster (a value between 0 and 1);
and m is the weighting exponent (initially set to 2).
2.2. Wave regime classification
For this work, our choice of a multivariate data vector X for input to the clustering is:
significant wave height (Hs), the nondimensional ratio term in wave elevation (δh) and a ratio
term in wave slope (δs.), which are described at Eqs. 2, 3 and 4 below.
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Where E(f,θ) is the directional wave spectrum, and m o and m4 are, respectively, the zero
and fourth order moment of the wave spectrum.
The Hsea used in the numerator of δh, is the portion of the directional ocean wave height
frequency spectrum (E(f, θ)) associated to the wind sea; msslong is the slope variance
associated with all long waves in E up to a cut-off wave frequency of 0.4 Hz. Only Wave
Watch III results are used to derive these terms.
msstot is derived from the inverse of the altimeter measured radar cross section (σo)
assuming the nominal quasi-specular radar backscattering relationship (Barrick, 1968;
Jackson et al. 1992) and a surface Fresnel reflection coefficient R 2= 0.45. The significant
wave height term used in δh is taken from the altimeter measurement.
The ratio in wave elevation (δh), can be interpreted as a pseudo wave age (U 2/Hs α Hsea/Hs)
(Fu and Glazman,1991; Glazman et al. 1994). δh can be interpreted as an index for the amount
of swell present. When δh is low, swells dominate the overall sea state, while a high δh value
indicates fully wind-driven. Previous work (Glazman et al. 1996; Young, 1999; Feng et al.
2006; Tran et al. 2006), showed that the global ocean exhibits a wide range in this ratio due to
the common mixture of sea and multiple swell modes.
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δs is a ratio in wave slope variance, or mean square slope (mss). It describes the amount of
long (order 10 m) gravity wave steepness in relation to the total slope variance that is
typically dominated by the steeper and much shorter cm-scale wavelets.
Several numbers of clusters and weighting exponent were initially tried. The best results
seemed to occur with three clusters (Nc) or wave regime classes and m=2. This class number
solution was obtained using the data set for the average first quarter for the year 2002. This
study uses the distance-based fuzzy classification membership function to assign membership
and this constrains total membership such that a sample’s total membership value across three
classes must sum to 1.
3. Results and discussion
The three data class clustering developed using altimeter and wave model data for the
first quart of the year 2002 are shown in Figure 1. The clusters were numbered 1-3 according
to decreasing average wave height. The cluster maps in figure 1 show where these wave
regime subsets are geolocated in a general sense. Highest membership indicates strong
likelihood for this regime to be present at those locations. Note that the FLC method allows a
parameter to be part of more than one cluster.

Figure 1. Geolocation of Clusters for January/February/March period of 2002.
Table 1 shows for each class the mean values of the three wave-related parameters used
as input to the process (Hs, δh and δs). Based on the cluster centers in table 1 and recalling that
δh refers to pseudo inverse wave age and δs refers to long wave steepness dynamics, it is
possible to provide qualitative labels about the sea state for each class.
Table 1. Cluster centers for the wave analysis. Last column is general descriptor of the
wavefield in the class.
Hs(m)
δs
δh
Type
Cluster 1

3.57

0.24

0.77

steep

Cluster 2

2.55

0.18

0.61

mixed seas

Cluster 3

1.91

0.16

0.68

young seas
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Taking the global sea state analysis of Vandermark et al. (2006) as base, our three cluster
regions can be classified as low-to-moderate sea states. The cluster 1 is denoted steep due to
its highest Hs and δs values. The high value of δh indicates that these are regions heavily
dominated by local wind sea and the highest δs calls for the presence of long waves
contributing to the mss spectrum. The cluster 2, is the class with the smallest δh (0.6) and,
therefore, with greatest swell contribution. It has a characteristic of mixed seas, with the
presence of wind sea and swell, although with a dominance of wind seas. The cluster 3, is the
lowest Hs cluster, and is designated young seas. With a δh of 0.7, it is dominated by wind seas.
With the lowest δs, it has the smallest contribution of long waves to the mss spectrum.
Although having a higher contribution of wind sea component as compared to the cluster 2,
some swell contribution should be expected for this class.
Figure 1 shows a general southern trend of cluster locations probably associated with the
decrease of average Hs characteristic of each class. The cluster 1 identifies the wave fields
associated to the climatology of local NH winter storms. High winds associated with the low
pressure systems that pass through the mid-latitude storm tracks generate large wind waves
with high peak phase speeds. Normally, the result of this is a southward propagation of swell
systems out of the storm tracks as during the NH winter (Melo et al. 1995). This result is
consistent with Hanley et al. (2010) that shows swell systems propagating southward at the
group velocity out of the midlatitude storm tracks during the NH winter.
The cluster 2 is mostly concentrated in the latitudinal zone between 10 o and 25oN where
the NE trade winds are predominant during this period. A region of cluster 2 is also evident
near the Brazilian N coast between 30o and 40oW near the equator. Considering the large fetch
available in the region, it is plausible to expect swell systems propagating from NE to SW
reaching the Brazilian coast during this period.
The cluster 3, being the lowest Hs cluster, is concentrated in the equatorial band. Although
its mean δh of 0.7 implies a dominance of wind seas, some swell energy is to be expected.
The cluster analysis results add evidence on the existence of swell and windsea fields
together near on the Brazilian north coast during the months from January to March. The
origin of the swell fields present in clusters 2 and 3 are likely to be associated to the cluster 1
regions, but part of swell systems present in the low latitude western North Atlantic in this
period can be produced by the NE trades present in clusters 2 and 3 areas. As a result, this
oceanic region can be broadly categorized into two regimes: wind waves that predominate and
are associated with wintertime storms of the North Atlantic, and swell, which is more present
in classes 2 and 3.
In contrast to the windseas, long-wavelength swell waves which are usually generated by
storms and can propagate thousands of kilometers across the ocean can be present almost
everywhere (Drennan et al. 2003). The presence of swell energy in different proportions
observed in the three cluster regions should be, therefore, considered normal. Pure wind seas
are mostly found only in coastal regions, in enclosed seas or during extreme wind events. In
the open ocean, swell is usually present (Hanley et al. 2010). The results of the Coupled
Boundary Layers and Air–Sea Transfer (CBLAST) field campaign, which took place in the
North Atlantic (Edson et al. 2007), demonstrated that in light wind conditions, the waves are
usually in a state of nonequilibrium where phase velocity exceeds the local wind, indicating
that remotely generated swell is present.
The global contribution of swell fields in open ocean, has been identified by Chen et al.
(2002), who collocated a global dataset of simultaneous measurements of H s and U10 from the
Ocean Topography Experiment/National Aeronautics and Space Administration (NASA)
Scatterometer (TOPEX/ NSCAT) and TOPEX/Quick Scatterometer (TOPEX/ QuikSCAT)
missions to observe the spatial patterns of both wind sea and swell. They determined the
global distribution of wind waves and swell using the wind–wave relation for fully developed
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seas given by Hasselmann et al. (1988), assuming that measurements of H s less than the fully
developed limit are from a growing sea and measurements of H s that are greater are swell.
They identify the ‘‘swell pools’’ in the tropics, more precisely, in the region highlighted by
cluster 3.
Although Chen et al. (2002) find that wind waves occur most frequently in the
midlatitude storm tracks, they also find that swell is present more than 75% of the time in
these regions. They also showed that in regions of the high winds as this region there is a
growing tendency of finding underdeveloped seas for winds greater than 10 ms -1 and that for
winds greater than 20 ms-1 wind waves were almost always not fully developed.
Finally, is possible observing that the results of the cluster 3 in consequence of the signal
showed in the cluster 1. According to Hanley et al. (2010), the high winds throughout the year
in the Northern Hemisphere in the storm tracks are much higher in January, February and
March. Therefore, it is expected that swell originates predominantly from these regions during
this period. As a result, during January, February and March, when the Northern Hemisphere
storm tracks are most active, the front that separates swell propagating northward out of the
Southern Ocean, from swell propagating southward out of the Northern Hemisphere storm
tracks is shifted farther south than in the annual mean.
4. Conclusions
Ocean gravity wave models have shown a steady improvement, and can presently be run
routinely, offering directional gravity wave field statistics. Problems, however, still exist.
These include imperfect model physics and imperfect wave model forcing by modeled wind
fields. A difficulty of putting together model and altimeter data is the inherent mismatch of
spatial and temporal information between a 6 hourly, 1 degree model output and the
instantaneous 1-3 km altimeter footprint. This study’s method of combining wave model and
altimeter data using a fuzzy logic clustering approach demonstrates a data fusion approach
that is well-suited to the handling of these limitations. The method allows the association of
all individual measurements with a quantitative measure, or membership value, for three
distinct wave wave age and steepness classes
Although the clustering calculations provide a method for obtaining objective results, the
choice of the input parameters for the clustering process was of course subjective. This
perturbation approach to defining the inputs in terms of wave elevation and slope ratio terms,
δh and δs , is shown then to provide both a physically-meaningful solution and one that is
attractive in its combination of altimeter and wave model products.
There are numerous steps needed to fully evaluate the potential of the present data fusion.
In our case, we had focused on illustrating the methodology using altimeter data for the first
quart of the year 2002. The assessment of the stability of the present approach for use in other
timeframes is ongoing but preliminary results suggest that the method and results are robust.
These results and further physical interpretation of the cluster analysis and their temporal
variability is the subject of another study.
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