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Abstract. Research on the classification of ocean surface wave patterns uses coarse spatial resolutions and

approaches that are less usable for applications such as annual energy estimates for wave energy converters.

Consequently, this study investigates the classification of 1-3-dimensional histograms of wave height, period,

and direction at a 0.4° spatial resolution. Histograms of global grid-points have been decomposed into their main

modes using principal component analysis. Each mode consists of a histogram and a map quantifying its

contribution to each local wave pattern. The first mode displayed a meridional gradient of the wave height, a

northeast-to-southeast gradient of the wave period, and a mix of both for the wave direction. Dominating wave

systems consist of a) 1.9 m, b) 14.5 s in the basins’ southeast, c) 12.5 s north and south, and d) 9.5 s north-west.

Generated remotely, c) travel and evolve over long distances to reach coasts, as b) pools, while d) is mainly

generated locally or northwards. K-means was used to cluster wave patterns into 15 classes using the 10

dominant modes. Some clusters characterise regions in different basins. 1-parameter-based clusters provide

more regions and alternations of clusters nearshore, while clustering the parameters together provides larger

regions and less nearshore noise. The wave height and period combined classification showed good correlation

and difference between the cluster’s average histogram and those of the grid-points in that cluster, while the

direction was lower in regions affected by strong currents or topographic obstacles. Consequently, combining all

parameters greatly decreases these two metrics.

HIGHLIGHTS

 Main wave systems of individual and joint wave height, period, and direction

 Meridional and zonal dominating patterns of the wave height and period climates

 High accuracy of each parameter’s 15 clusters, except negative in identified areas

 Joint classifications split swells from seas whilst merging the northern oceans

 All approaches’ classifications depict a meridional gradient of the Southern Ocean
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1 INTRODUCTION

1.1 MOTIVATIONS

Ocean surface wave patterns come from a mix of local and remote wind generation. Many fields would benefit

from a classification of the main wave climates since understanding the general climatology of waves can help

prepare coastal and offshore structures, city management, and future ship routes, among others, to account for

general wave patterns. Therefore, solid climatology analyses of waves are necessary to then help make

projections of how such climates would evolve. Such maps can also improve understanding of the origin,

propagation, and evolution of wave patterns worldwide. In the context of Marine Renewable Energy (MRE), the

most accessible way to compute the energy production of Wave Energy Converters (WECs) is by using histograms

of the wave parameters [1]. Hence, classifying the waves based on histograms, currently lacking in the literature,

could foster the mapping and the synergies of WECs worldwide [2] by estimating the energy produced for each

wave climate and each technology class or device directly [3]. The use of histograms to assess the global

climatology of waves is the main contribution of this research.

1.2 WAVE CLIMATE DESCRIPTION AND SCIENTIFIC GAPS

Ocean surface gravity waves are generated by the balance between the friction and pressure the wind exerts on

the water surface and gravity that attempts to bring the now unstable surface back to its mean level [4]. However,

local wind profiles do not necessarily correspond to local wave climates. Based on the data from the Centre for

Australian Weather and Climate Research (CAWCR) dataset of the Commonwealth Scientific and Industrial

Research Organisation [5], Figure 11Figure 1 provides wind and wave information for three offshore key points

worldwide. The three locations were selected to illustrate contrasting wind–wave relationships: a remote

generation-dominated site in the Southern Ocean; a mixed-source point in the Eastern Pacific influenced by both

hemispheres; and a region in the Bay of Bengal where local and remote wave characteristics diverge from the

prevailing wind field. This selection highlights how wave climates are shaped by both local winds and long-range

swell propagation.

The heating of Earth by the Sun and Earth’s rotation generate atmospheric circulation cells that lead to main

wind trends: as the Earth spins to the right at the level of the equator, 30°S-30°N, the winds go westwards, with

the Coriolis effect, the midlatitudes 30-60°N/S receive opposite winds going eastwards, and higher than 60°N/S,

winds go back westwards [6]. These sources of wave generation, along with their temporal evolution in increasing

opposition polewards between both hemispheres, lead to various wave-generation wind trends that are also

complexified by other variables, such as the world's topography. Figure 11Figure 1.d,f,i provide examples of 30-

year mean 10-m high wind occurrence as a function of its direction, coloured by the dominant wind speeds, for

Point 1, in the Bay of Bengal, 2, in the Eastern Pacific low latitudes, and 3, in the Southern Ocean belt, respectively

(statistics of wind velocity and direction are provided in Appendix A). The wind roses highlight “westerlies”

(eastwards winds, e.g., Points 3) and “easterlies” (westwards winds, e.g., Points 2). Point 1 shows an example of

a location diverging from these patterns with its two-system wind profile. As waves come out from the

generation area, they spread and evolve worldwide from an initial set of height, period, and direction functions

of the wind velocity, coverage area (also called the fetch), and direction.
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Figure 11. Selected three key points to illustrate the local 30-year occurrence (number of hours translated in percentage of
30 years of hours, hence in %) of wind direction and speed (W, m/s), panels d, f, and i, and for the significant wave height
(Hs, m), wave peak period (Tp, s), and wave peak direction (θp, °). Individual θp, Tp, and Hs occurrences in 1-Dimensional
Wave Distribution Matrices (WDMs) are provided in panels a-b. Joint Hs and Tp occurrences in 2-Dimensional (2D) WDMs
in panels d, g, and j. Joint θp, Tp, and Hs occurrences in the centres of the 3-Dimensional (3D) WDMs are provided in panels
e, h, and k. The three walls in the 3D panels provide the sum of the number of hours over the integrated axis, translated
into percentages over the 30 years of hours. All directions indicate where the waves or winds come from.

Time series of bulk wave parameters, such as the significant wave height (Hs), peak period (Tp), and peak

direction (θp), are widely used to track the temporal evolution of wave climates and highlight the changes or

consistencies between spatially spread points. For instance, Dodet et al. [7] found contrasting trends across the

1953-2009 northeast Atlantic region (30-60°N), where southern and northern regions responded differently to

the North Atlantic Oscillation due to the varying influences of the Azores High and the Icelandic Low. Generally,

boreal winter exhibits higher Hs and longer Tp than summer, with a) stronger and positive variations of Hs and

Tp northwards than in the south, and b) more southward wave origins in the Northern Hemisphere, resulting in
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northeastward propagation. However, directional variations differ: counterclockwise seasonality is stronger in

northern zones, while southern ones tend to shift clockwise interannually.

Global spatial patterns were further segmented by Gulev and Grigorieva [8], distinguishing, in the Northern

Hemisphere, seas (generated locally) versus swells (generated remotely), and Chen et al. [9] highlighted the

east-west basin split between swells in the east and pools of seas in the west, worldwide. The temporal dynamics

of these systems vary: Gulev and Grigorieva [8] noted a swell-and-sea lower correlation (when not anti-

correlated) in the North Atlantic than in the North Pacific Ocean, despite a general increase of Hs (from 10-40 cm

in 1958-2002). They linked swell trends to the number of cyclones and storm rate of change (with the North

Atlantic apparently more affected by such variations), while sea trends were more associated with changes in

local wind speed. In the Southern Hemisphere (0°-60°S), Hemer et al. [10] showed clockwise shifts for decreasing

Hs in the Western Pacific and counterclockwise trends for increasing Hs in high latitudes (1985-2009), shaped by

Southern Oscillation Index (SOI, with clockwise shifts during SOI-) and Southern Annular Mode (SAM). Notably,

Tasman Sea and Western Pacific patterns correlate strongly with SOI, while the Indian sector of the Southern

Ocean (and the Eastern Pacific Ocean) better aligns with SAM (increased Hs and counterclockwise switch in

SAM+, especially in austral autumn-winter). The rest of the Southern Ocean undergoes little variation due to

South America’s shadow.

Gulev and Grigorieva [8] employed wind roses that are histograms of the wind speed and direction time series.

Similarly, Figure 11Figure 1.d,f,i show the wind roses for the considered three points. Based on the fact that

waves are generated by winds, Figure 11Figure 1.a-c show the histograms of Points 1-3 30-year hourly

occurrence, here referred to as Wave Distribution Matrices (WDMs), of θp, Tp, and Hs. Figure 11Figure 1.d,f,i

and Figure 11Figure 1.a-c show that wind and wave patterns often diverge. For example, Point 2 has the

narrowest unidirectional wind pattern, but displays the least unidirectional wave spread, with the bulk of the

waves diverging by 75° from the main wind direction. Similarly, despite contrasting wind profiles, Points 1 and 2

yield similar two-peak Tp distributions. Conversely, Point 3, with a broad wind spread, produces a more

unidirectional wave pattern. These inconsistencies confirm the well-known fact that, locally, wind patterns may

not fully explain wave patterns, emphasising the need to analyse wave patterns directly and in combination.

While 1D WDM of Hs is often assessed individually, such as for extreme event analyses [11], Tp is often merged

with Hs into 2-Dimensional (2D) WDMs instead of being assessed independently. Figure 11Figure 1.d,g,j illustrate

2D WDM examples for Points 1-3. Using such 2D WDMs for 2000-2014, Rusu and Ocean [12] highlighted the

broader ranges of 2D WDM values in the mid-high latitudes. Hs is higher in the south, joined by long wave periods

south of South America and Africa, and near Portugal. In low latitudes, 2D WDMs’ ranges are narrow with high

occurrences for various patterns of wave periods. Further, Rusu and Ocean [12] showed a general increase in

the parameters in their hemisphere’s respective winter, except for a few points located north of Papua New

Guinea, south of India, and west of Mexico. Worldwide, similar locations’ seasonal-pattern divergences from the

rest of their respective hemisphere and basin have been found in various mid-to-low latitude regions (e.g., east

and west of Australia and often around islands) [13]. Rusu and Ocean [12] highlighted a broad spread of wave

direction in high latitudes, especially in the north, while the south possesses more waves from the west. Near
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the Brazilian coasts and south of Madagascar, waves mainly spread in the south-east quadrant. In the mean

latitudes, four points west of the north and south American coasts, the African coastline, and Western Australia

show a dominance of waves from ~200°, east of the Philippines from 30-85°, and west of Portugal from around

315°. 2D WDMs have been widely used in the wave energy domain to estimate the wave energy production of

WECs, similar to Aristodemo and Algieri Ferraro [1], for whom 2D WDMs unlocked the possibility to numerically

test 13 machines along the Italian shoreline. As Aristodemo and Algieri Ferraro [1] used a higher spatial-

resolution wave model than Rusu and Ocean [12], the 2D WDMs display multi-peak patterns, similar to those of

Points 1 and 2 in Figure 11Figure 1.d-g. Where Hs generally provides 1-peak 1D WDM, these 2D WDMs

demonstrate different hearts of high occurrence not only in Tp but also in Hs. In terms of device design, this

highlights the need for optimisations for two or more wave systems. Indeed, if only 1D WDMs were considered

for these places, perhaps the devices would be tuned for the two dominant Tp peaks, but Hs would remain the

same.

The wave direction is generally assessed independently of Hs-Tp 2D WDMs (e.g., [12]), whereas annual energy

production may deviate by 5-10% when direction is excluded [14], and studies have provided methods to account

for the wave direction dependency of such devices [3]. Figure 11Figure 1.e,h,k provide the 3-Dimensional (3D)

WDMs (combining θp, Tp, and Hs) of Points 1-3, showing hidden multivariate regimes. For instance, some wave

systems exhibit distinct directional spreads or multiple peaks tied to periods (e.g., Point 2) or broad directional

spreads of the highest-occurrence regions (e.g., Point 3). This demonstrates the limitations of 1-2D WDMs in

fully capturing sea-state complexity. Such complex conditions could force non-weathervane devices to be

installed in specific directions (at the optimal trade-off for energy production) or ships to adjust their routes to

use the locations where the bulk of the waves advance in their direction and avoid those where waves could

slow down their routes or endanger their ships.

Wave climate studies often rely on Principal Component Analysis (PCA) and k-means clustering. PCA extracts

dominant spatial-temporal patterns [15], while k-means groups data with respect to similar characteristics [16].

The aforementioned distinction between seas and swells is often assessed in the wave spectrum, a more detailed

level of wave representation. It provides Hs (as the zero moment of the wave spectrum), Tp (the wave period

associated with the main peak), and θp (the wave direction associated with Tp). Using PCA, Echevarria et al. [17]

determined for each spatial point of a global coarse 10° spatial-resolution grid, five representative wave-

generated systems: two in the low latitudes, northerly- and southerly-generated easterlies; the north and south

swell generation areas; and monsoon-generated waves isolating the Arabian Sea and the Bay of Bengal. Using an

8° grid, Lobeto et al. [18] extended this to sixteen clusters, mostly zonal except for the one corresponding to the

swell pool in the Pacific Ocean [9]; only the Southern-Ocean climate spans multiple oceans in both studies. While

spectral representations offer a detailed picture of wave climates, they often prove too complex for broad

engineering applications, such as wave energy assessments similar to Satymov et al. [19]. Spectral outputs are

not expressed in units of time or frequency, making it difficult to integrate them directly into engineering metrics

such as annual energy production [20]. On the one hand, a distinction between the east and the west coasts is

added to the zonal patterns by the coastal study of Fairley et al. [21], considering wave parameters meant to
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benefit the wave-energy sector, which biases fundamental wave climate analyses. On the other hand, time series

of power and direction have been clustered using k-means and crossed between wind and wave results [22],

linking atmospheric systems (e.g., southerlies, easterlies, and westerlies) to wave regimes (e.g., El Niño, SAM,

and the Pacific Decadal Oscillation). Finally, the zonal global climates are meridionally split by handmade

clustering studies such as Young [23] based on statistics of similar parameters, Alves [24] for its wave spread

analysis, and Campana [25] for military purposes. Despite their contribution to wave climate knowledge, these

studies do not offer an unbiased foundation for estimating WEC energy production. Notably, a) they lack the

30-year hourly investigation of Hs, Tp, θp, 2D, and 3D WDMs; b) the studies clustering the waves have a

resolutionthat is too coarse to capture more wave spatial variations; or c) some studies force the classification

to suit the devices’ needs rather than reflecting “raw” wave conditions, limiting their applicability to other sectors

such as navigation and coastal planning. A WDM-based framework, as proposed here, complements spectral

analyses, benefiting both the physical oceanographic and engineering fields. This would also clarify the relevance

of basin divisions and reveal similarities between distant wave regimes.

1.3 RESEARCH GOAL AND STRUCTURE

The objective is to provide a comprehensive understanding of the global wave distributions of wave height,

period, and directional occurrences independently and joined distributions integrated over 30 years in order to

determine their main regional particularities that eventually define the global wave climates. Unlike most

previous global wave-climate assessments, which relied on univariate statistics or coarse-resolution summaries

of Hs, or even spectral analyses expressed in average spectral energy that is less suitable for various engineering

purposes than hourly occurrences, this study applies a fully multivariate classification based on the 3D WDMs

encompassing Hs, Tp, and θp occurrences. This approach depicts the evolution of each independent parameter,

then the widely used 2D WDM of the merged Hs-Tp, and finally the complete 3D WDM, enabling a physically

consistent identification of wave regimes at a finer spatial resolution than in earlier climatologies. As such, it

bridges statistical pattern recognition with the physical processes governing global wave generation and

propagation. Section 2 describes the data used in this research. Section 3 describes the different steps of the

combined PCA and k-means method used to consistently extract the most representative modes and obtain a

classification for 1D, 2D, and 3D WDMs worldwide, along with the methods to compare the different approaches’

classifications and assess their accuracy. Section 4 presents and assesses the results that lead to the final

classification, followed by a discussion of the findings. Section 5 provides the conclusions of this research.

2 GLOBAL MODEL HINDCAST AND STUDY DATA

The Centre for Australian Weather and Climate Research (CAWCR) dataset of the Commonwealth Scientific and

Industrial Research Organisation provides the wave parameters [5]. The CAWCR wave hindcast is based on the

widely used and verified National Oceanic and Atmospheric Administration’s WAVEWATCH III [26] forced using

surface winds (at 10 m height, for the 0.3° and hourly spatial and temporal resolutions, respectively) from the

Climate Forecast System Reanalysis (CFSR, [27]). CFSR's ice concentration was considered following Tolman [28]
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with a six-hour temporal resolution. Details about the model are provided in Durrant et al. [5], and Section 4.1

provides validations of the model.

The CAWCR model provides aggregated and spectral wave parameters over a global grid with a spatial resolution

of 0.4° (~30-50 km), which falls within the feasibility ranges provided by the International Electrotechnical

Commission Technical Specification (IEC TS) for Wave Energy Resource Assessment [29], particularly near the

“Design-Type” category. This dataset has been used in previous spectrum-based classifications such as Echevarria

et al. [17], although they focused on the temporal evolution of the wave spectrum; they reduced the spatial

coverage of the grid to a handful of points spread worldwide at a 10° spatial resolution, whereas the present

study aims to map bulk parameter clusters globally. The chosen resolution strikes a necessary balance between

spatial detail and computational feasibility, especially considering the processing of high-dimensional histograms

across all sea points and time steps on a shared hyper-performance computing infrastructure. Similar studies,

such as Colosi et al. [13] using the dataset validated by Rascle and Ardhuin [30], used a slightly coarser resolution

(0.5°) and were still able to identify fine-scale features linked to topography, currents, and swell propagation,

which are the types of spatial complexity targeted in this research.

CAWCR’s spectral wave model uses a discretisation of 29 frequencies increasing exponentially from 0.038-0.5

Hz. The directional discretisation adopts 24 bins at 15° intervals, which is a common discretisation used in wave

energy field-related studies, such as Venugopal et al. [31] for wave farm analysis, as well as in more general

studies about the wave resource [32], and global directional spectral classifications [18]. Furthermore, this

directional resolution seems to comply with the requirements established for feasibility studies of WECs and

other marine renewables [29].

This study uses time series of bulk wave parameters: Hs, Tp, and θp. It is worth noting that the IEC TS [29]

recommended the mean wave period and direction for wave resource assessment. However, these aggregated

wave parameters have been selected because WECs’ power is often described using Tp [1] and have been

classified based on Tp as well (better helping future mapping of the WEC classes globally) [33], even for the global

operation and maintenance feasibility of WECs [34], and because wave-direction-dependent devices’ energy

production is characterised more effectively using the prominent peak of the wave spectra, whilst mean spectral

parameters may misguide any WEC installation [3]. Furthermore, the power of some devices is still expressed as

a function of Tp [14]. Nonetheless, studies have provided research on the use of one wave period parameter in

WEC performances using the relation 1.12Te=1.29Tz=Tp, where Te is the mean wave period, and Tz is the zero-

crossing wave period. This relation has been obtained assuming a Joint North Sea Wave Project (JONSWAP)

spectrum with a peak enhancement factor of 3.3 [35] (another example of such a relation for another wave

spectra standard shape being given in the IEC TS [29]); and further, research has been provided to investigate

the effect of the wave spectrum shapes on the WEC performances for a point-absorber [36] and more complex

WEC shapes [14] estimating errors from 16.5% to 5-8% respectively. These Hs, Tp, and θp parameters are

obtained for entire oceans and large seas. To consider a representative enough time period for wave climate

analyses [37], the recommended 30-year period [29] was defined from 1981-2010. Grid points located south of

65°S have been removed. Ice concentrations used in the model also helped the selection of grid-points, following



Page 8 over 66

the recommendations of Durrant et al. [5]. Grid points located in ice-covered regions were removed from the

analysis. The ice mask is based on that ice database and uses an ice concentration exclusion threshold of 0.25.

Moreover, a five-round iterative procedure was implemented to discard any isolated active ocean points

surrounded by more than five inactive points.

3 WAVE DISTRIBUTION MATRIX CLASSIFICATION METHOD

This research aims to determine, for the five approaches described in Section 3.1, the worldwide regions of

similar wave climates described in this study by means of single-to-multivariate histograms that are the WDMs

described in Section 3.2. First, the large number of points worldwide is reduced to the main modes that are

obtained using PCA, as PCA estimates the Empirical Orthogonal Function (EOF) decomposition of the global

WDMs. PCA is described in Section 3.3. The classes are obtained using these modes and the k-means algorithm

described in Section 3.4. Once the classes are obtained, they are each representative of one or more zones across

the world and therefore a method to assess the accuracy and representativeness of the clusters and their zones

is needed, and is thereby described in Section 3.5.

3.1 OVERVIEW OF THE FIVE APPROACHES

This study applies a stepwise classification of the global wave climate based on the three key bulk parameters:

significant wave height (Hs), peak period (Tp), and peak direction (θp). To progressively explore the complexity

of wave regimes, three levels of classification are performed: individually (1D), jointly as Hs–Tp (2D), and fully

combined as Hs–Tp–θp (3D). Each step adds a new dimension to the sea-state characterisation.

 1D classification: Three separate classifications are performed, one for each parameter (Hs, Tp, θp).

These highlight regions where a single parameter dominates, without accounting for interactions with

the others. Though simple, 1D classifications help isolate the independent behaviour of each parameter

and reveal how much they alone structure the global wave regimes.

 2D classification: Based on joint histograms of Hs and Tp, this level combines wave energy content and

maturity. It reveals regions with similar energy levels but different sea-state types, such as swells versus

wind seas. This approach already improves physical interpretability over 1D and is commonly used in

wave energy assessments.

 3D classification: Using joint histograms of Hs–Tp–θp, this classification is the most complete approach.

It captures both the energetic and directional properties of the waves, which are essential for identifying

complex patterns such as opposing wave trains or wide directional spreads. Though more demanding,

the 3D method best reflects real sea-state variability and applications such as routing or device

orientation.

The 1D–2D–3D framework enables a layered understanding of global wave patterns. It also allows evaluating

how much information is gained by including more parameters and which combinations better capture the

dominant physical drivers behind the observed sea states.
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3.2 INITIALISATION OF THE PRINCIPAL COMPONENT ANALYSIS

Each classification approach (Hs, Tp, θp, 2D, and 3D) is based on the histograms of the hourly occurrence of the

time series from 1981-2010. Following Choupin et al. [14], the histogram discretisation is 0.2 m Hs (from 0.1 m),

1 s for Tp (from 0.5 s), and 15° θp (from 0°), forming either univariate (Hs, Tp, or θp), bivariate (2D: Hs-Tp) or

trivariate (3D: Hs-Tp-θp) WDMs. 

To reduce the dataset, all the sea-state bins that were never reached in any location are excluded. Hence, the

final active bin ranges span 0.1-19.9 m (Hs), 2.5-34.5 s (Tp), and 0-345° (θp). The total number of bins for a full

WDM is S: H for Hs, T for Tp, Θ for θp, HT for 2D WDM, and HTΘ for 3D WDM. However, as unpopulated bins

have been removed from the WDMs, the number of considered bins is set to be s with 1≤s≤S. Eventually, M

being the number of grid points considered, for each WDM’s jth grid-point, 1≤j≤M, and ith binned sea-state,

1≤i≤s≤S, the number of hours, Oi,j, of sea-states occurring during 1981-2010 is computed from the Hs, Tp, and θp

30-year time series. These reduced histograms are the WDMs depicted in Section 1.2.

Each WDM is reshaped into a column vector and is stacked across M grid points to form an Input Matrix (IM),

where each row represents one sea-state bin and each column one location. This process is repeated for each of

the five approaches, and Figure 22Figure 2 provides an illustration of how IM is obtained for the full 3D (Hs, Tp,

and θp sea-state description) distribution for an example of a model with few grid points along a coast. Each IM

is then decomposed into the EOF as per Section 3.3.

Figure 22. Illustration of the input matrix for a set of Grid-Points (GP) along a coastline. Hs is the significant wave height,
Tp, the wave peak period, and θp the wave peak direction. The occurrence O has been accumulated over 30 years for each
bin to obtain the different statistics. H is the number of bins over Hs, T for Tp, Θ over θp, and M is the number of grid
points considered in the analysis. In this example, IM is considered to be composed of all S=HTΘ sea-state possibilities.
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3.3 PRINCIPAL COMPONENT ANALYSIS: AN EMPIRICAL ORTHOGONAL FUNCTION DECOMPOSITION

The first step of PCA is to centralise IM(s,M) by subtracting each IM’s row mean. That column vector, consisting

of IM’s row means, is the Space-Mass vector SM(1,s). This subtraction yields the Adjusted Matrix (AM, the same

size as IM). The Covariance matrix, C(s,s), is computed as C=AM×AMT. PCA mainly consists of solving the

eigenvalue problem: CX=λX, where λ(s,s) is a diagonal matrix containing the eigenvalues λi of C, and each ith row

vector of X(s,s) is the eigenvector associated with the eigenvalue λi. Each eigenvalue λi gives a measure of the

fraction of the total variance of C explained by the mode i. Each eigenvector Xi is the Empirical Orthogonal

Function (EOF) of the principal pattern of variability of the ith WDM, and the eigenvalues are a measure of the

relative importance of those patterns. The EOF patterns obtained represent standing oscillations of the single or

multivariate wave distributions, and their spatial variation is depicted by the Principal Component (PC) maps,

given for a grid point j by Eq. (1):

ᵅ� , ᵅ�ᵄ�ᵃ� = ᵅ� , ᵅ�ᵅ� , ᵅ�ᵄ� ᵃ�ᵄ�∑
ᵆ�

ᵅ� = 1

(1)

Each mode of variability of the wave distribution is characterised by the pair of EOF and PC of the mode. Here,

each EOF describes the mode's representative WDM, and the associated PC provides the spatial distribution of

coefficients describing how that mode best fits the local distribution. Eventually, for each jth grid point, its

distribution can be entirely obtained by adding to the local SM the sum of all modes’ product of EOF and local

PC, such that for that jth point, IM’s ith bin is obtained via Eq. (2):

ᵅ� , ᵅ�IM = ᵅ�ᵄ�ᵄ� +  ᵅ� , ᵅ�X ᵅ� , ᵅ�PC∑
ᵆ�

ᵅ� = 1

(2)

When PCA is most accurate, the sum of the local SM and the product of the first mode’s (i.e. those with the

highest λ values) EOF and local PC should provide a result similar to the local WDM. To better understand the

percentage contribution to the modes’ representativeness, the eigenvalues have been transformed into

percentage values, λ% (%), using Eq. (3):

%ᵅ�λ =
100 ᵅ�λ

ᵅ�λ∑
ᵆ�

ᵅ� = 1

(3)

3.4 CONSISTENT K-MEANS CLUSTERING USING THE PRINCIPAL COMPONENTS

The clustering consists of grouping the projected points (with coordinates provided by the PCs, sorted so that

the first mode has the highest λ and so on) based on their distance from one another in the PC-projection space.

Each group leads to a cluster characterising a representative class. In this study, computing the Euclidean distance

between every pair of points, as in Choupin et al. [33] (weighing M2 number of calculations, regardless of the

number of calculations, to determine the clusters by comparing all distances), is not feasible within a reasonable

amount of time due to the very large number of individuals considered. Therefore, the k-means algorithm, used

for instance by [38] to classify sea-states of WDMs, must be used instead. Indeed, the k-means algorithm only

computes the distance between the k cluster centroids and each individual point, leading to a much smaller

number of calculations of about pkM<<M2 since k<<M, and it takes about p=10 rounds to reach convergence,
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i.e. when the overall distance between each cluster and surrounding points is minimised. A two-run k-means

algorithm is therefore used, following Azzellino et al. [39], such that the centroids of the first round are used as

the starting point of the second, delivering, as such, the final clusters. Defining the starting point of the k-means

clustering is the first constraint of this method. To ensure that the results are the same for each run, the starting

point method of Mayo [40] has been implemented here. This study’s final clustering sets the number of clusters

to 15 and the number of PCs to 10 (discussed in Appendix B). However, the results also consider an additionally

lower number of clusters to assess the main trends in the wave distribution despite being too low in clustering

potential.

For any k-means-based classification, there is no reason for each cluster to be indexed in the same way, e.g., a

cluster generally located in the Northern Hemisphere would be indexed as cluster 1, and one in the Southern

Hemisphere would be cluster 2, while for another approach, it would be the opposite. Therefore, a period-

crossing algorithm has been developed to ensure consistent indexing between the different approaches’

clusterings (as a helping feature of this research and not a core component of the methodology, this algorithm

is presented in Appendix C).

3.5 CLUSTER RECONSTRUCTION: WAVE DISTRIBUTION MATRIX, SPATIAL MAPS, AND REPRESENTATIVENESS ASSESSMENT

Tracing back the clustered grid points to the map reveals the cluster's global coverage. Points near one another

may gather into a zone. Each cluster (or sub-cluster) may contain more than one zone, similar to the Köppen-

Geiger climate classification maps [41]. Nonetheless, each cluster’s representative WDM is obtained by averaging

the WDMs of all the grid-points (regardless of the distance between their zones) contained in that cluster, since

they belong to the same cluster. Each pair of cluster’s WDM and associated zone map is a wave climate.

Finally, correlation, Eq. (4), and the Relative Mean Absolute Difference (RMAD), Eq. (5), based on RMAE (Relative

Mean Absolute Error) from Walstra et al. [42] are computed between each cluster’s grid point’s WDM (no matter

its zone) and the cluster’s WDM. This provides an estimate of the wave climate's representativeness globally and

for each zone. Also, this provides information on which zone is the most representative of its climate and how

the transition is structured from one climate zone to another. Considering N, the number of points in one cluster

k, for a point i in cluster k, the correlation and RMAE are calculated using Eq. (4) and Eq. (5), respectively:
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4 RESULTS AND DISCUSSIONS

The results section is divided into three parts: Section 4.2 provides an overview of the general statistics of the

global wave patterns depicted with Hs, Tp and θp WDMs; Section 4.3 applies the PCA to the WDMs and describes

their first modes of variability; and Section 4.4 presents and discusses the classification of the wave climate. For

precision purposes, most results are provided in terms of the number of hours over the entire 30-year period.

4.1 MODEL VALIDATION

Durrant et al. [43] validated the model both globally, using satellite altimetry, and regionally, using buoy

observations around the United States. The global validation for 1982-2010 compared Hs with altimeter data

(using GEOSAT, ERS1, TOPEX, ERS2, GFO, JASON1, ENVISAT, and JASON2, approximately in that chronological

order, with some overlap between the missions). Durrant et al. [43] examined 2005 in further detail. Results

indicated the largest errors in the Antarctic regions, exceeding 1 m, associated with positive biases (discussed in

earlier studies [44]). Smaller errors are found in nearshore regions, rarely exceeding 1 m and generally remaining

below 0.5 m, with no consistent bias sign (see discussion of coastal modeling and fetch-source term potential

issues [45]). The model performs well in open oceans despite a slight negative bias in the western tropical Pacific

that is suspected to be linked to a missing shoreline-reflection effect, possibly due to the abundance of islands

(discussed in earlier studies [46]). They also offered a speculative remark on the potential influence of ocean

currents on the results. Temporal validations highlighted consistency between the model and the altimetric data,

with interannual variability associated with phenomena such as El Niño, including a reduction in values around

1993-1994. In addition to the study by Durrant et al. [19], multiple studies have validated the CAWCR model

across diverse oceanic regions, using both satellite and buoy observations (Table 11Table 1).

Table 11. Non-exhaustive list of research validating the Centre for Australian Weather and Climate Research (CAWCR). All
the symbols and abbreviations are provided in the glossary.

Reference Location (overall period – some 
devices may have various periods 
within the given range)

Type of data Data validated Skill metric used*

[17] Global (1982-2010) Satellites Hs Bias, RMSE
United States, including Hawaii
regions and the Gulf of Mexico (2004-
2014)
South Pacific: Fiji, Vanuatu, Western
Samoa, Cook Islands, and Rarotonga,
Tuvalu-Funafuti, Tonga-Eua, and
Tonga-Tongatapu (1987-1994)

Buoys Hs, U10, Tp (n)Bias, RMSE, SI, R

[47] United States, including Hawaii
regions and the Gulf of Mexico (2004-
2014)

Buoys Directional wave
spectra (monthly),
Hs (monthly)

R, (n)RMSE

[48]. Southeast Brazil: Itajaí in Santa
Catarina state and Rio Grande in Rio
Grande do Sul state (2009-2015)

Buoys Directional wave
spectra, θm, Hs

MAE, Corr, RMSE, 
SI

[49] South Africa (1979-2020) Buoys E, U10 R, nRMSE
[50] Australia (2015-2020) Satellites Directional wave

spectra, Hs, Te, θm,
(n and mean)Bias, 
(n)RMSE, SI, R, 
slope

[51] Australia (1985-2012) Satellite (same as [17]) Hs, E Bias, RMSE, SI, R
Australia (1974-2013) Buoys Hs Bias, RMSE, SI, R, 

slope
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*It is worth noting that most of them also provided qualitative validations using maps, time series and percentile comparisons,

QQ-plots, probability plots, and scatter density plots, along with comparisons between means and standard deviations.

Specifically, Oliver et al. [49] used Taylor diagrams as well.

Due to CAWCR’s 0.4° spatial grid resolution, model grid points may not precisely match the water depths at the

measurement locations, and multiple buoys may fall within the same CAWCR cell. As previously mentioned, the

wave model performance degrades nearshore owing to the limited representation of bathymetric effects,

including submerged obstructions (e.g., reefs). The model’s weaknesses in high latitudes have also been reported

in Australian assessments, with an overestimation of E’s upper percentiles, whereas in lower latitudes these

percentiles are underestimated [51]. Te generally exhibits correlations of approximately 0.1, slightly lower than

the 0.9 typically obtained for Hs across all locations (details on the CAWCR skill over Hs from the studies in Table

11Table 1 are summarised in Table 22Table 2). However, although Te has positive biases below 2 s around

Australia, which is similar to the values obtained for Tp in the United States regions, nRMSE and nBias generally

indicate better performance for Te than for Hs. It is worth remembering that Te and Tp describe different portions

of the spectrum and cannot be directly compared. Durrant et al. [43] noted that Tp can exhibit abrupt increases

(about +10 s) when incoming swell systems rapidly dominate local sea states. Directional accuracy is more

limited, with lower correlations and nRMSE values ranging globally from ~15°, especially in the North Indian

Ocean, to over 50° in the Western Pacific and Antarctic regions [50]. In general, CAWCR provides robust Hs

characterisation and captures seasonal directional variability with reasonable skill, although the spectral spreads

tend to narrow in broader directionality cases. Furthermore, RMSE values tend to be higher in boreal winter and

lower in boreal summer, a pattern suspected to come from similar errors of the CFSR winds [17]. Extreme cyclonic

events seem generally underestimated by CAWCR, with an underestimation of the sea wave systems, and

relatively better performance for the swell wave systems (based on the studies considering the directional wave

spectrum in Table 11Table 1). Finally, E shows biases of about a +0.17 kW/m and 0.85 correlation (hence lower

than Hs) around Australia [51]. This region’s correlations reach up to ~0.85, and are characterised by low RMSD

(~0.6–0.8). The standard deviations obtained in this region also closely match the observations along the South

African coast, with a few stations exhibiting moderate overestimations of variance. Overall, the performance

around Australia is consistent with expectations for wave hindcasts in coastal settings [49].

Table 22. Significant wave height skill metric of CAWCR per location. All the symbols and abbreviations are provided in the
glossary.

Location (note on the Bias if
available)

RMSE (m) nRMSE (%) – MAE (m) in the
Brazilian case

Correlation (--) SI (--)

United States 0.35-0.55 <15
~25 in the Gulf of Mexico during the
Atlantic hurricane season

>0.8
>0.9 in some cases

<0.2

Brazil 0.33-0.43 <0.3 0.9 <0.25
Australia (from -0.03 to +0.04
m for [51] and mean biases
around ±0.1-0.2 m, lower
equatorwards for [50])

0.44 (0.07
higher than
the global
average
[17])

~0.20 equatorwards
~0.30 in the Western Pacific
~0.40 near the Antarctic

~0.9 0.18-0.3

Kumar et al. [52] pointed out that bulk parameters such as Hs, Tp, and θp can misrepresent mixed sea states

where short-period local seas overlap with long-period swells, particularly affecting Stokes drift, HF radar, and
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classification interpretations. This reinforces the importance of carefully validating both sea and swell signals in

the bulk outputs when using them for classification or energy assessments. Such concerns have guided the design

of the clustering scheme and the interpretation of mixed conditions in regions where both systems coexist.

Overall, CAWCR demonstrates high skill across multiple ocean basins and scales, with typical Hs RMSEs between

0.3 and 0.6 m, correlation coefficients above 0.85–0.90, and angular errors typically below 15–20°. These results

are consistent across both open-ocean and moderately sheltered locations. The model is especially proficient at

reproducing swell-dominated regimes, while also providing sufficient directional and spectral accuracy to

support classification tasks using bulk parameters. These validations confirm CAWCR’s suitability for global wave

occurrence analysis and clustering, as developed in this study.

4.2 GLOBAL ASSESSMENT OF WAVE PARAMETER DISTRIBUTIONS

Figure 33Figure 3 provides the averages and standard deviations for all 1D and 2D sea state distributions

(exceptionally, Hs-θp and Tp-θp are also provided for a complete overview, and complementary global statistics

on each 1D parameter are provided in Appendix A, along with the full 3D mean provided in Appendix B). It must

be noted that the mean matrices are the SM removed from the IM of each corresponding 1-3D WDM provided

in Section 4.3. Eventually, the minima are sparsely provided since they are mainly zeros.

Figure 33. Sea-state parameters 30-year global distribution statistics. Hs is the significant wave height, Tp, the wave peak
period, and θp, the wave peak direction.

The 1D histograms (top panels of Figure 33Figure 3) highlight a single Hs peak (around 1.9 m), three main peaks

of the average Tp (highest peak at 9.5 s, followed by 12.5 s and 14.5 s, with a slight spike around 19.5 s), and

three peaks for θp (highest peak around 210°, and two lower peaks around 90°, and 315°). It is worth noting that

a 10-s wave period is a good rule of thumb threshold to separate the seas (wind waves, with smaller periods)

from the swells (with higher periods) [53]. However, this distinction remains simplistic. Other diagnostics, such

as the wave age parameter (e.g., α=cₚ/W, with α the wave age, cp the phase velocity, and W the 10-m wind speed,
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whose brief statistics are shown in Figure A.5), provide a more physically based criterion to distinguish wind-sea

and swell regimes [54], but their computation requires detailed and co-located wind information. As this study

focuses solely on wave occurrences, such analyses are beyond its current scope and are left for future

developments. As such, two peaks of Tp are more likely to correspond to the swells, while one is for seas near

the threshold. The latter occurs slightly more than the two former ones. Tp peaks reappear in the Hs-Tp average

diagram, while the values remain around the 1.9 m peak of Hs. However, it is worth noting the high Hs-Tp

standard deviation for the first and last Tp peaks. In contrast, the Hs-Tp highest standard deviation is in low Hs

and low Tp ranges. The multimodal distribution of θp is more prominent with Hs than with Tp. The Hs-θp

distribution spread around the 1.9 m Hs peak possesses all three θp peaks in the same order of intensity. The

210° peak remains the highest for θp, Hs-θp, and Tp-θp. However, where Hs-Tp is aligned with the peaks of 1D

Hs and Tp, Tp-θp demonstrates two peaks (14.5s-210° and 8.5s-90°) while both 1D Tp and θp possess three peaks.

Furthermore, for all three approaches, the maxima at 210° are associated with higher standard deviations.

The average 2D panels (Figure 33Figure 3.d-f) are similar to the full 3D accumulated 2D projections on each Hs,

Tp, and θp axis. There is one global peak that dominates all other bins at 2.1m-14.5s-210° and provides the largest

3D occurrence patch. To better interpret these distributions, Figure 44Figure 4 provides the maps associated

with these key bins for the 1D distributions. For instance, Figure 44Figure 4.a provides the accumulation of all

hours over the 30-year period falling in the 1.8-2.0 m bin (centred in 1.9 m) of Hs. The maps of the statistics over

the time series of Hs, Tp and θp are provided in Appendix A. For instance, Figure A.1.a provides the mean of the

30-year temporal evolution of Hs. Furthermore, complementary maps associated with the three key bins of the

2D distributions are provided in Figure B.11Figure B.1. Figure 55Figure 5 provides similar maps for the maximum

3D bin associated with each peak and key bin of 3D’s three 2D walls.

Figure 44. Mapping of the 30-year (1981-2010) occurrence (in hours) of 30-year average sea-state distributions' peaks and
key occurrence bins for 1-dimensional distributions of Hs, the significant wave height, Tp, the wave peak period, and θp,
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the wave peak direction. The first row provides the highest peak. Dashed lines have been added to Tp’s subfigures to
contour the zones of each peak obtained in Figure 1111Figure 11.n, in their respective colour and black.

Figure 55. Mapping of the 30-year (1981-2010) occurrence (in hours) of 30-year average sea-state distributions' peaks and
key occurrence bins of the 3-dimensional Hs (significant wave height), Tp (wave peak period), and θp (wave peak direction).

Not shown here, yet palpable in Figures 4-5 and Figure B.11Figure B.1, as Hs bin range increases, waves expand

their coverage from fetch-limited domains, generally closed seas, to eastern coasts, later including northern high

latitudes, the Arabian Sea, and the Bay of Bengal. Around 0.6-0.8 m, the entire North Atlantic is also included.

Offshore low latitudes and the Pacific-Indian section of the Southern Ocean remain uncovered. At the bin centred

on 1.1 m, the entire Atlantic Ocean is covered. Reaching 1.4-1.6 m, only rare locations in the south lack these

waves. Then, from 3.4-3.6 m, regions in the Philippines and along the equator below Africa no longer have higher

waves. This equatorial region extends westwards as the Hs range keeps increasing until covering all longitudes

at 5.4-5.6 m, to then expand polewards. After 7.8-8 m, the fetch-limited domains start losing bins in higher waves.

Beyond 11.6 m, waves are rare in mid-low latitudes. The high latitudes host most of the tallest waves, but these

waves are increasingly sparse. Figure 44Figure 4.a shows the spatial distribution of occurrences of sea-state with

Hs in 1.8-2.0 m. Following the increasing Hs scattering, the 1.8-2.0 m bin displays a clear meridional gradient

with the most frequent occurrences within the tropical zone, peaking at ~40,000 hours in 30 years (15%), and

less frequent occurrences (as low as 4,000 hours) in the high latitudes and fetch-limited domains.

As Tp range increases, the high-occurrence regions move from fetch-limited domains to offshore in a similar

pattern to Hs, although after 22 s (already absent from the fetch-limited domains) the withdrawal pattern mainly

expands from the east coasts, later joined by the west coastal-side to leave a northward-decreasing 20°S-60°N

region around 150°W from 26 s (not shown here, yet palpable in Figures 4-5 and Figure B.11Figure B.1). In 9-10

s, Figure 33Figure 3.b of the 9.5 s peak, Figure 44Figure 4.b shows four regions of highly concentrated waves
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reaching nearly 25% of the whole period, namely west tropical Pacific coasts (especially near the Philippines and

Indonesia) and north of Madagascar, covering most of the Arabian Sea. Waves in 12-13 s (Figure 44Figure 4.d)

moderately cover the north, i) with a reasonable zonal gradient, ii) with low occurrences in the low latitudes,

and iii) higher occurrences in the south (although twice as less present than for the 9.5 s peak) at a certain 315°

in the South Atlantic. Finally, 14-15 s, slightly more present than 12-13 s, highlights waves in the east of the main

basins, extending slightly into the Southern Ocean, while absent in the Mediterranean Sea. On the one hand, 9-

10 s regions are principally in the low occurrence regions of 14-15 s, and seem to be characterised by seas; on

the other hand, the regions of 14-15 s high occurrence waves are associated with the swell pools [9]. The 14-15

s bin in the Bay of Bengal provides one side of the bimodal typical profile of the sea-state distribution in this

region, as observed in Figure 11Figure 1.

Joining θp to this analysis, the bin centred on 210° provides regions with up to nearly 47% of the 30 years (Figure

44Figure 4.c). These regions form wedge-shaped structures extending from the Southern Ocean towards the

low-latitude eastern margins of the Indian, South Pacific, and South Atlantic basins. The tip of the Atlantic wedge

sits near the coast of Togo, while in the Pacific Ocean and the Bay of Bengal, the wedge stretches northeastwards,

reaching up to approximately 25° latitude. These structures are consistent in the 2D distribution with stronger

values along the Indian Ocean nearshore, particularly west of the Indonesian coastline. While for Tp-θp,

reasonably high occurrences appear along the Mexican coastline, a high-occurrence trail offshore the Mexican

coast, extending up to the Peruvian coastline, stands out. Just as mentioned for increasing Hs and Tp ranges,

only the small and large energetic Hs-Tp waves display large wave-bin-free areas (see example of Figure

B.11Figure B.1.a-d). The multidirectional global wave distribution increases the presence of regions not reached

by the waves (Figure B.11Figure B.1.e-i), especially in 3D (Figure 55Figure 5). There are great shadowing effects

of the continents in the direction of the waves, such as for the westward-based examples (bins centred on 90°

and 105°) and the great example of the waves coming from the south propagating east and northeastwards.

Southern waves propagating northeastwards reaching the east shores of the basins had sufficient travel distance

so that dispersion processes allowed them to increase their period greatly [55]. As such, the 14.5 s regions gather

waves mainly originating from large fetches in the high latitudes south, while the bulk of the 9.5 s waves mainly

come from smaller fetch areas north of the oceans. South-southeastwards waves (especially Figure 55Figure

5.e,h), much less frequent than the other peaks, are present around the 20°N, and are mostly absent from the

Indian Ocean basin. These results make sense of the pools of swells and seas, the first mainly composed of waves

coming from the south and the latter of those coming from the north, although waves from the north still

contribute relatively to the east coasts. Finally, based on Alves [24] and Figure 11Figure 1, the southeast,

westward, and small-Tp waves of the Indian Ocean basin mainly result from local conditions.

4.3 EMPIRICAL ORTHOGONAL FUNCTIONS AND PRINCIPAL COMPONENTS

Hs has been widely investigated in the literature in many specific locations and in statistical maps. Regions of

high mean significant wave height are located in the north and south of the basins. Decomposing 30-year

histograms of the Hs WDM using PCA provides the principal modes of Hs’s global distribution, which also

highlights its local patterns (see Section 3.3 and Appendix D). Figure 66Figure 6 shows the EOFs and PCs of the
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first three modes of the global 30-year Hs WDM. EOFs can be considered as transfer functions allowing

transitions from one distribution pattern to the next. Where the values of the first PC are equal to zero, then the

next mode without a zero value in the PC dominates at that location. This is further described in Appendix D. The

principal component of the first mode (PC1) of Hs shows a clear latitudinal gradient, which can be directly related

to the meridional distribution of surface winds at the global scale, with the lower Hs values being generated by

extratropical storms in the midlatitudes (see Figure A.55Figure A.5).

Figure 66. First three Empirical Orthogonal Functions (EOFs, top-panels solid lines) and Principal Components (PCs) maps
(bottom-panels) of the significant wave height (Hs) for the entire integrated 30-year period. The dashed lines of the EOF
figures show the normalised global mean Hs distribution (Hs normalised space mass vector, see Section 3.3). The red lines
underline the maxima to help compare the EOFs, solid for the EOF and dashed for the mean. The title indicates whether
the subfigure is an EOF or PC, the mode concerned, and the associated percentage of the total variance values.

The product of each PC-EOF pair contributes to the reconstruction of the original matrix, as shown in Equation

(2). Consequently, the sign of individual components is arbitrary: multiplying both the PC and its corresponding

EOF by -1 does not alter the physical result. Therefore, apparent sign differences across parameters (e.g.,, Hs-Tp

versus mean direction) do not imply anti-correlation. As such, although the PC1 of Hs seems anti-correlated to

the mean of the Hs time series (Figure A.11Figure A.1.a), in fact, the sign does not matter as long as the associated

EOF is considered properly with its related PC. Hence, the absolute correlation between the time series of Hs

mean and PC1 is 0.73. The first mode appears strongly correlated with the 1.9 m distribution mapping of Figure

44Figure 4, with a correlation of 0.91, higher than that with the global Hs average. The associated EOF1 illustrates

how the peak of the Hs distribution shifts to the left (i.e. in lower Hs values) from the tropical region to the

midlatitude regions. This agrees with higher wave heights in the tropical regions than in midlatitudes. The second

mode differentiates the open-ocean regions from fetch-limited domains and coastal areas. Indeed, smaller waves

are prominent in coastal regions, and the negative PC2 values in offshore areas provide a right shift towards a

strong (31%) 2-m wave contribution. The third mode presents a multimodal EOF. Mode 3 encompasses the
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contribution of locally generated waves with its first peak, accentuated in fetch-limited domains and nearshore

areas, and with greater heights offshore.

Figure 77. Same as Figure 66Figure 6, but for the wave peak period (Tp).

Figure 77Figure 7 provides the first three EOFs and PCs for Tp. The first mode of Tp is largely dominated by seas

versus swells WDMs and pools. The continental shadow effect observed in Section 4.2 on the wave patterns is

also visible in this mode and further discussed below. Similar to Hs, i) the second mode is more associated with

fetch-limited domains and coasts with a weak connection to open seas, and ii) Tp’s third mode provides more

multimodality.

In the EOF decomposition of the joint Hs-Tp 2D histogram (Figure 88Figure 8), the first mode is largely shaped by

Tp, as the distribution of PC1 values aligns with the contours of the seas (swell) pools in the northern (southern)

oceans (Figure 88Figure 8.d); while the two hearts of EOF1 are located around 9.5 s and 14.5 s (Figure 88Figure

8.a), both characteristics of seas and swells, respectively. Mode 2 mainly reflects Hs variations, forming a clear

meridional gradient (Figure 88Figure 8.e). Mode 3 reintroduces the distinction between fetch-limited domains

and the open ocean, resembling the separations highlighted by the second modes of Hs and Tp individually. 

Hs, Tp, and their joint EOF decomposition now highlight the large coastal occurrences in these ranges (see also

Figure B.11Figure B.1), whilst offshore areas are characterised by more energetic waves generally generated by

large fetches. This explains the Hs-Tp’s highest standard deviation of Figure 33Figure 3 in low Hs and low Tp

ranges, while the seas/swells pools show the high Hs-Tp standard deviations for the first and last Tp peaks.

It is worth noting that the first two modes contribute about 20% each to the distribution. Despite this equal split,

the third mode accounts for 13% of the variation, similar to the third modes of Hs and Tp, whilst their first two

modes’ λ% accumulate about 70% versus 40% for 2D. Therefore, less than 50% is represented by the first three

modes, which demonstrates a limitation in fully capturing the variability of the 2D histograms.
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Figure 88. First three Empirical Orthogonal Functions (EOFs) and Principal Components (PCs) of the 2-Dimensional approach
(Hs-Tp) for the entire integrated 30-year period. The title indicates whether the subfigure is an EOF or PC, the mode
concerned, and the associated percentage of the total variance values.

Figure 99Figure 9 shows that θp is initially split between the waves going southwestwards and those going

northeastwards, with a fairly zonal gradient of PC1. Mode 2 is characterised by a meridional gradient of waves

coming from the south and southwest, with an ongoing minor contribution to the east side of the quadrant.

Mode 3 is characterised by the swell pools and land shadows, and seems to favour southwestwards waves as it

increases the 45-105° WDM region and cancels the 225° peak of PC1. It is worth noting that θp’s accumulated

first three modes’ λ% reach about 70% of the distribution, which is about 10% above 2D values and 10% below

Hs and Tp values. This is due to the multimodal character of the directional distribution.

Figure 99. Same as Figure 66Figure 6, but for the wave peak direction (θp).
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Once the three parameters are merged into 3D space, the EOFs must be displayed in cubes, such that Figure

1010Figure 10.a-c’s walls provide only the extrema to highlight the maximum/minimum variations appearing in

each 2x2-plane direction (Hs-Tp, right, Hs-θp, left, and Tp-θp, bottom). A first remark is that, as observed for the

other approaches, for all 1-3D approaches, the lower λ%, the more peaks and noisier the EOF becomes.

3D’s mode 1 emphasises mid-to-low-latitude oceanographic patterns, featuring a southwest-to-northeast

diagonal dialogue arrangement that carves asymmetrical diamond-like spreads. These shapes emerge from the

interplay of Tp and θp, with their wider bases principally over the land masses along northwest-southeast

directions. This asymmetry forms tilted triangular lobes with mirrored extensions, each underlining (to the west)

swell- versus (to the east) sea-dominated zones, and directional gradients. The EOF distinguishes peaks of seas

versus swells, echoing the global 3D average (Figure B.22Figure B.2) except for the waves coming from the

northwest quadrant. Mode 2 focuses on the patterns of Hs, drawing zonal bands that separate the low-to-mid

latitudes from those of the higher latitudes of the Southern Ocean, with a low contribution from the Northern

Hemisphere. Mode 3 provides more contrast between zonal and meridional regions. The 3D WDMs have very

similar trends (extended directional spread around 90° for seas, with a bidirectional swell branch pattern

between 180-270°, with a greater spread of the waves in high Hs for mode 2) except for the alternating signs

across the three main occurrence cores. These cancel or increase the overall WDM hearts, e.g., EOF2’s high Hs

waves are in the south, and the three modes display a general positive accumulation of the seas from 20°S-30°N

western pools of the Atlantic and Pacific Oceans.

The extension of South America southwards cuts the continuity of the Southern Ocean, and as the westerlies

blow and build up eastwards, the South American continent provides a shadow effect on the west side of the

South Atlantic Ocean. This discontinuity has repercussions visible not only in all θp’s modes but also in the other

parameters. This partly explains the north-to-south positive continuity of the west side of the Atlantic Ocean in

θp and Tp, PC1, and 3D PC2. Then, the southeast Atlantic Ocean connects to the Indian Ocean, itself fully

connected to the Pacific Ocean in terms of negative PC values. Eventually, the southeastern side of the Pacific

Ocean, with negative PC values, is practically disconnected from the southwestern side of the Atlantic Ocean,

with positive PC values, at the Drake Passage.
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Figure 1010. First three Empirical Orthogonal Functions (EOFs) and Principal Components (PCs) of the 3-Dimensional space
(based on the significant wave height, Hs, the wave peak period, Tp, and the wave peak direction θp) for the entire
integrated 30-year period. The extrema of the projection of the EOF on the 2-Dimensional walls have been provided along
with squares to help place the 3D distribution and the projections. The title indicates whether the subfigure is an EOF or a
PC, the mode concerned, and the associated percentage of the total variance.

The first modes lack the large amplitudes associated with the fetch-limited domains observed in the previous

parameters, especially visible in Figure 66Figure 6 for Hs, as well as for the 2D space (Figure 88Figure 8). This

might be due to the diluted effect of Hs by the two other parameters (Tp and θp), which introduces similarities

and may even overpower Hs. Then, not shown here, 3D’s 4th mode emphasises the Indian-based wave variations,

probably forcing the rest of the EOF decomposition. The northwestern incoming waves affect the 3D EOF

decomposition only in the 5th mode (with a 3% representativeness of the global distribution), and all 7th-to-10th

modes. The global wave climate organisation was observed to be dominated by the waves coming from the

southwest, notably from the Southern Ocean. Hs-Tp amplitudes also align with the common, almost linear trend

of the 3D average, such that an increase in Hs in the WDM generally involves an increase in Tp. However, where

most of the data is located in smaller Hs-Tp pairs for the average, the strongest peak of the 3D first mode comes

after the low Hs-Tp pairs. This is also the case for 3D’s second mode.

To clarify the similarity between θp, Tp, 2D, and 3D’s first mode, Table 33Table 3 provides the correlation

between the PC1 of these approaches. As mentioned for Hs, the sign of the PC maps is not relevant as long as

there is consistency between the EOF and PC pairs. To help compare the results with the figures, it has been

specified which θp and Tp maps have been multiplied by -1. It is worth highlighting how the signs of the peaks of

θp’s EOF1 indeed align better when θp’s mode is multiplied by -1, with high positive values around 210° and

reasonably lower ones around 75°. This is also the case for Tp transformed into -Tp and 2D and 3D, with both

now possessing a positive peak around 14.5 s and a negative peak around 9.5 s. All correlations are reasonably

high and positive, above 0.7. This table emphasises the effect of θp on 3D as its first and most prominent mode.
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This is also the case for Tp on 2D, but it is worth remembering that 2D is nearly equally described by its first two

modes. Surprisingly, θp and 2D (θp-independent approach) do not have the lowest correlation, and this may be

explained by the reasonable correlation between θp and Tp. Yet, despite this similarity, the effect of θp on 3D

dominates that of Tp, leading to (-Tp)×3D and 2D×3D being the lowest correlations among these values. This

stresses the lack of studies assessing the wave climates that may be encountered when the wave direction is

omitted.

Table 33. Correlation values between the first Principal Components of the wave peak direction, θp, the wave peak period,
Tp, the 2-Dimensional (2D) approach of Hs-Tp, and the 3-Dimensional (3D) approach of Hs-Tp-θp. A colour legend has been
added from red for the higher correlations, through white, to blue for the lowest values, to help better compare the
approaches.

Pair of 
approaches’ 
PC1

(-θp)×(-Tp) (-θp)×2D (-θp)×3D (-Tp)×2D (-Tp)×3D 2D×3D

Correlation 
value

0.76 0.74 0.87 0.92 0.72 0.73

4.4 DISCUSSION ON CLASSIFICATION

This section is divided into three subsections. Section 4.4.1 investigates the steps from 2-4 clusters in the wave

classification for each wave parameter to help to understand a) their most important patterns; and b) the final

15-cluster and more complex classifications shown in Section 4.4.2 for each of the five approaches. Section 4.4.3

discusses and investigates these final classifications.

4.4.1 The first four classifications: the main trends of the wave parameters

Figure 1111Figure 11 displays the first three classifications of Hs (first three rows), Tp (next three rows), and θp

(last three rows). Each set of three rows contains: 1) a top row projecting the clusters’ colours on the first three

PCs (those with the highest λ in the 10 PCs used for the classification); 2) a mid-row mapping the clusters

following the same colour code as the top row; and 3) a bottom row that provides the WDM of each cluster

wave climate. Since the crossing-period algorithm (Appendix C) has been developed only to cross analyses having

the same number of clusters, the colouring is consistent per column.
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Figure 11. 30-year wave climate classification using 2-4 clusters and 10 modes for the significant wave height (Hs), wave
peak period (Tp), and wave peak direction (θp). Panels a-b, j-l, and s-u are the clustering of Principal Component (PC1-3)
space for the three highest representative modes. Panels d-f, m-o, and v-w project the obtained clustering of the right-
above PC-space points on the globe. Panels g-i, p-r, and y-& provide the Wave Distribution Matrices of each right-above
cluster.

At k=2, Hs is dominated by its zonal trends observed in Figure 66Figure 6.d (PC1), with a symmetry along the

equator for the Pacific and Atlantic Oceans, which is impossible to obtain for the Indian Ocean due to its limited

extension northwards. Tp is also dominated by southwest-northeast diagonal splits of the oceans observed in

Figure 77Figure 7.PC1. Areas in the continental shadow (e.g., South America, Figure 99Figure 9) are removed

from the southeastern-based wedge-like cluster. θp also draws the positive-versus-negative contours of its Figure

99Figure 9.d (PC1), and somewhat lies between both Hs and Tp. Fetch-limited domains affect the classifications

from k=2 for Hs, k=3 for Tp, and in higher k for θp. Although with k=3 it could be interpreted based on Hs that
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each new k increment involves the next higher mode’s principal effect, Tp does not display the effect of the

fetch-limited domains in its second mode. Consequently, increasing the number of classes in the classification

does not fully evolve “linearly” in the increasingly representative order of the modes.

For k=2, the wave climate of θp (Figure 1111Figure 11.v) is very similar to that of Tp (Figure 1111Figure 11.j).

However, the swell pools in θp dominate the distributions such that the Southern Ocean is merged with the

northwestward regions in the red cluster. This leads to a spiky green WDM of waves coming from the southwest,

and another wave climate much more broadly spread directionally. Next, the red climate of Figure 1111Figure

11.z is divided between the zones dominated by the westerlies in the mid-high latitudes, and the rest of the

oceans. As k increases, θp’s climates do not really generate new well-defined zones as for Hs and Tp, but instead,

the zone wave climates evolve as southwest-northeast diagonally directed transitional zones similar to a gradient

contour map in the Southern Hemisphere.

While at every level, θp provides new climates that seem to appear “unexpectedly”, the first two levels of Hs

and Tp display a strong connection between a “mother” zone (green) at k=2 and the two “children” zones, red

and green in the case of Hs, and green and blue for Tp at k=3. This is striking in Tp, where each child cluster

contributes to one of the two peaks of the mother-cluster; and in Hs, where (at k=2) the low-kurtosis blue wave

climate is removed from its low-Hs tail that becomes a whole new climate at k=3. However, in general, even

though the new clusters often appear as sub-clusters of the previous k-level, each new cluster provides its own

very distinctive WDM that may not be determinable in the mother-cluster.

At k=3, each of the three Tp clustering and WDM pairs is associated with one of the three peaks at 9.5 s, 12.5 s,

and 14.5 s maps observed in Figure 44Figure 4. The northwest cluster at k=2 marks the distinction between the

9.5 s waves, while the southeast cluster marks the 12 s (which includes the 14.5 s waves). Then at k=3, the blue

zones are highly correlated with the high-occurrence zones displayed in Figure 44Figure 4.e for the 14.5 s waves

(happening in the Indian and Pacific Oceans but not in the Atlantic Ocean). This observation is consistent with

Hs, for which the contours of high 1.9 m occurrence waves (Figure 44Figure 4.a) become increasingly accurate

with increasing k values. Eventually, that cluster is the only one that remains throughout the increasing k, and

the others keep on being redefined as collections of new clusters. This also seems to be the case for θp, but its

2nd and 3rd peaks are so weak compared to the rest of the distributions and the 1st peak that their effects are not

visible for such low levels of k.

Finally, the spread of each classification and the contact between the clusters are visible in the associated PC-

projection space, where the spread of the data and their repartition are more transparent as the number of

clusters increases. For instance, the coastal and fetch-limited domains are clearly separated from the high-

latitude regions, forming a structure in the three PCs for Hs (Figure 1111Figure 11.a-c) that resembles an open

“crab claw” distribution. The upper-left extension or “fixed finger” (appearing in red and black in Figure

1111Figure 11.b and Figure 1111Figure 11.c) gathers the fetch-limited domains and nearshore regions. The

“propodus”, initially shown in red in Figure 1111Figure 11.a, becomes partially absorbed into the “fixed finger”
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from k=3 onwards, separating the mid-to-low-latitude regions influenced by topography. Finally, the “dactyl”

(extending into low PC3, negative PC2, and positive PC1 quadrant) captures the high-to-mid latitudes, where a

latitudinal gradient gradually unfolds with increasing k. Similarly, with θp’s increasing k, the red gets relocated to

the back of the PC space, and the other climates form a band at the front of the PC space. This is a similar

evolution to that of Tp. It should be recalled that only 3 PCs are displayed over the 10 considered, yet the range

of PC values tends to decrease as λ% increases, reducing their effect on the k-means classification. Overall, the

spread of the data in the PC space is clearly different from that of the global map, drawing the differences in the

wave climates. However, even though some points are clearly separated from others, there is always a transition

area that invites considering more than only four clusters.

4.4.2 The final classification: classification using 15 clusters

Figure 1212Figure 12 provides the 15-cluster results for each of the five approaches, based on applying the k-

means algorithm to the first 10 modes as introduced in Section 3.4. Each approach is presented by linking the

cluster representative WDMs (the method to obtain each cluster’s WDM has been provided in Section 3.5) and

their corresponding geographical zones. Namely, Figure 1212Figure 12.a provides the 1D WDMs of the 15 clusters

of Hs WDMs classification; while Figure 1212Figure 12.d maps down the zones of each cluster following the same

colour code (e.g., the dark green curve in Figure 1212Figure 12.a is the mean of all the points in the cluster of the

same colour, mainly located in the southern high latitudes, as in Figure 1212Figure 12.d). Similarly, Figure

1212Figure 12.b provides the 1D WDMs of the 15 clusters of Tp with a colour code corresponding to the cluster

map of Tp in Figure 1212Figure 12.e. The last 1D approach is θp, whose 15 clusters’ WDMs and zones are provided

in Figure 1212Figure 12.c and Figure 1212Figure 12.f, respectively. The map of the classification of the 2D Hs-Tp

histograms in 15 clusters is provided in Figure 1212Figure 12.g, and each 2D WDM of each cluster is provided in

the subpanels of Figure 1212Figure 12.i-w, following Figure 1212Figure 12.g’s code colour linked to the 2D WDMs

through the corresponding colour of the colourbox of the subpanel titles. This colourbox link between the maps

and the WDMs has also been provided for the 3D approach (i.e. classification of the Hs-Tp-θp histograms), whose

15-cluster classification map is provided in Figure 1212Figure 12.h. For better visibility, the 3D WDMs have been

provided separately in Figure 1313Figure 13, Figure 1414Figure 14, and Figure 1515Figure 15.

To help compare the classifications, the colours of the clusters in Figure 1212Figure 12 have been harmonised

between the five approaches using the crossing-period algorithm (see Appendix C), but it is worth remembering

that this is only a visual help. Although the 1D WDMs have been provided under the same occurrence scale, 2-3D

WDMs have been provided with an adjusted colour scale to help better appreciate where each WDM’s heart of

high occurrence values lies. Therefore, the reader is invited to keep in mind the colour scales’ order of magnitude.

Nonetheless, the ranges of Hs, Tp, and θp are consistent between the subfigures. In the following, because of

the 75 clusters considered (5 approaches, 15 clusters per approach), each specific cluster is referred to by its

approach type and its index as in Figure 1212Figure 12’s legend. For instance, the royal blue cluster number 1

(cluster 1) is referred to as Hs1, Tp1, θp1, 2D1, and 3D1, for Hs, Tp, θp, the 2D cluster (of combined Hs and Tp),

and the 3D cluster (combining all three parameters), respectively.
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Figure 1212. 30-year wave climate classification using 15 clusters and 10 modes for the significant wave height (Hs), wave
peak period (Tp), and wave peak direction (θp), along with the 2-Dimensional (2D) space of Hs and Tp, and the 3-
Dimensional (3D) space composed of the three parameters. The climates’ Wave Distribution Matrices (WDMs) are
provided only for the three 1D approaches, and the 2D, Figures 13-15 provide the WDMs for the 3D approach.
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1-dimensional 15-cluster consistency with the 2-4 cluster classifications

The general 1D clustering is consistent with that observed in Figure 1111Figure 11, both in the world cut and in

the WDMs. Firstly, the equatorial symmetry of Hs is conserved (Figure 1212Figure 12.d); the zonal gradient of Tp

is emphasised (Figure 1212Figure 12.e); and the mid-term pattern between Hs and Tp of θp (Figure 1212Figure

12.f) is distinguishable, with, instead of the symmetrical pattern of Hs, an asymmetrical pattern of the wave

climates. Secondly, Hs does not present multi-peak wave climates, unlike the other two wave parameters. It is

also worth noting that none of θp’s clusters comes from the north, either on the 0° side or near 360°. PCA is

mainly a linear technique, so if many waves had occurred at either side, they would have generated two distinct

clusters while, in fact, lying in a similar θp range. It is obvious that locations worldwide have waves coming from

the north, but these results highlight the weakness of northern bins compared to other θp bins and motivate the

validation of this classification method (further discussed in Section 4.4.3 and Appendix F).

Observations on the 1-dimensional approaches in the Southern Ocean regions

All three approaches display a general agreement on the Southern Ocean wave climate as a group of transitional

zonal bands circling the entire Southern Hemisphere. Hs and Tp provide a meridional gradient of three main

layers before the red cluster (no. 2), whilst θp provides seven, including the red and turquoise clusters (no. 2 and

10, respectively). This gradient resembles the evolution of the Sea Surface Temperature and its effect on the

wind, and thereby the wave climate [56]. The zonal organisation of these clusters reflects the dominance of the

Southern Hemisphere westerlies, where persistent storm tracks generate long-period swells that radiate

equatorwards [23]. The progressive reduction of Hs and the increase in skewness towards lower latitudes

indicate swell attenuation and dispersion as energy propagates northwards into warmer, more stable

atmospheric conditions [24].

For Hs (Figure 1212Figure 12.d), this gradient consists of increasing skewness for decreasing Hs from 3.5 m for

less than 10k hours (~4% of 30 years) to 2.1 m for more than 20k hours (~8%). For Tp, in the southernmost region

(Figure 1212Figure 12.e), Figure 1212Figure 12.b shows that 12.5 s dominates, while going northwards, 14.5 s

grows to overtake the 12.5 s peak in Tp12 (dark blue) and then totally disappears in Tp2 (red), as Tp2 represents

the swell pools but only in the Pacific and Indian Oceans. These long-period regimes correspond to the classic

Southern Ocean swell corridors feeding the eastern basins, while the shorter, more variable periods closer to

the westerly frontiers indicate mixed wind-sea conditions driven by transient cyclones [57].

The Atlantic Ocean is characterised by another series of clusters due to South America’s eastern shadow,

highlighted in Section 4.2. For θp, the high southern latitudes (Figure 1212Figure 12.f) are characterised by

increasingly high skewness over the seven clusters, with waves coming from 270° shifting southeastward until

210° (Figure 1212Figure 12.c). This systematic directional veering marks the eastward curvature of dominant

swell trains under the combined influence of westerly steering and the Coriolis effect [58], emphasising the

dynamic continuity between the Antarctic storm belt and the subtropical swell-dissipation zones [57]. While Hs

keeps a single-peak format in the red cluster (Figure 1212Figure 12.a), both Tp and θp present two additional
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peaks at 9.5 s and 19.5 s for Tp, and at 105° and between 300-315° for θp, reflecting the coexistence of long-

period swell arriving from the Southern Ocean and locally forced trade-wind seas in tropical and eastern-basin

regions [54].

Different types of clusters and zones, and the connection between them

The peaks of θp2 are even more pronounced in θp10, such that θp10 appears as a zone that receives

contributions from others. This zone and the surrounding key ones display a sort of evolving story from the first

to the last. However, these are not necessarily distinct groups of zones that largely diverge from other zones

(unlike coastal zones assessed postliminary). These “story zones” are quite prominent when observing Figure

1212Figure 12.d-f:

a. For Hs distribution, from its symmetrical zones to the high latitudes:

1. in the Pacific Ocean: Hs10, Hs2, Hs12 in the south versus Hs1 in the north, and

2. in the Atlantic Ocean: Hs5, Hs10, Hs1;

b. For Tp from west to east:

1. in the low latitudes: Tp3, Tp10, to Tp2, and

2. in the high-north latitudes: Tp11, Tp4, Tp8, Tp1; in the Atlantic Ocean, Tp1 appears only south;

c. For θp in its asymmetrical pattern for both the Atlantic and Pacific Oceans: θp14 and θp1 are surrounded

by θp3 affected by θp8 in the northeast, and

1. θp5 for the Atlantic, and

2. a mix of θp5 and θp10 for the Pacific.

These are not only visible on the maps but also in WDMs in Figure 1212Figure 12.a-c. A striking example is Tp10’s

two peaks: one that could appear to come from the contribution from Tp3 (at 12.5 s) and the other from Tp2 (at

14.5 s). However, it is worth noting that when considering these peaks, the prevalent wave direction should

always be kept in mind, and θp’s classification provides a good insight into the direction in which the “story”

between these main zones should be read. θp highlights the dominance of the Ferrel cells (introduced in Section

1) in the Southern Ocean, while in the north, the circular generation areas between the continents provide a

split in the directions. Then, Tp4 somewhat aligns with θp4, sitting in the west of the northern basins. Eastward,

though, Tp8 and Tp1 are cut horizontally by the θp5-θp4-θp7-θp13-θp8 gradient of waves nearly coming from

southwest to northwest, almost perpendicular to θp10’s main-peak waves. In the north, Tp evolves west to east

with a decreasing peak at 9.5 s, while its kurtosis increases. This reflects the influence of the north on the whole

Pacific and Atlantic Oceans, while the eastern coasts are strongly influenced by waves coming from the Southern

Ocean. 

Figure 1212Figure 12.d-f display an alternative to these story zones: the contour zones. These zones appear to

border and embrace the shape of other zones, and do not make a clear climate block, but rather a meandering

region between two or more compact zones, similar to what can be observed in the Köppen-Geiger climate

classification [41]. This is the case for Hs8 and is practically the case for θp3. This particularity of some clusters is

more or less preserved depending on the ocean. Such is the case for Hs3 and Tp1, which both appear as

independent zones in the North Pacific and transitional zones in the Indian and South Pacific Oceans. Both the
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story zones and the contour zones are quite reflective of the continuity of the data observed in the PC-projection

spaces of Figure 1111Figure 11.

Observations on the 1-dimensional approaches in the northern mid-to-high latitudes

Overall, in the northern high latitudes, the three wave parameters provide very different patterns throughout

Figure 1212Figure 12.d-f. Hs is 2-climate-based, although Hs4 seems to be the central climate, and Hs8 is a

contour climate. Hs4 is similar to Hs7 and Hs9 (low skewness and positive kurtosis, Figure 1212Figure 12.a) except

that Hs4 has a much lower Hs peak at 1.9 m, while Hs8 is at 1.7 m. Together, they span the core of the midlatitude

storm-track band (∼40–60° N) and its subtropical margins (∼30–40° N), with decreasing Hs outside the

generation zone of Hs4, mostly towards the lower latitudes [23]. This Hs reduction is indicative of the more

energetic swells travelling southwards out of the generation zone, crossing regions through which local wave

generation may be negligible as the westerlies gradually weaken, accompanied by a reduction of the storm

frequency [59].

Figure 1212Figure 12.b and e show that Tp is composed of story zones, which reduce Tp’s maximum occurrence

while increasing its number of peaks towards the east, practically changing from neutral kurtosis and skewness

to positive and then negative kurtosis and skewness. This evolution suggests a shift from energetic,

predominantly wind-sea conditions in the western basins, which are directly forced by recurrent cyclonic activity

[59], to mixed or swell-influenced regimes towards the east, where the decayed output of those same storm

systems propagates after partial dispersion and refraction have occurred [54].

The split in θp in the northernmost regions mentioned above leads to waves moving eastwards initially

dominated by the westerlies, and, on the eastern side of the split, they slowly move south-southeastwards.

Eastward-directed trains follow the curvature imposed by Coriolis steering and the large-scale wind stress curl of

the westerlies [56]. Conversely, the western side of the split, although characterised by a very flat omnidirectional

trend, tends to travel from northeastwards to southwestwards, from one zone to the next in the southern

direction. This is illustrated by the wave spectra shown by Echevarria et al. [17], and reflects the dual influence

of the Aleutian Low (Pacific) and Icelandic Low (Atlantic), which steer the midlatitude westerly storm tracks [60],

while lower-latitude deflection links to the tropical convergence zone influence [61]. This results in the waves

reaching the Philippine coasts, thereby being more affected by the northern generation than the southern one.

This also explains why the west is mainly separated from the east in the Atlantic and Pacific Oceans south of the

northern generation areas.

Observations on the 1-dimensional approaches in the mid-to-low latitudes

Figure 1212Figure 12.e and f show that despite the similarities that θp4-θp3-θp1-θp14 and Tp4 have in both the

Atlantic and Pacific eastern low-latitude oceans, these are bounded by Tp3 in the Pacific and Tp5 in the Atlantic.

Tp3 and Tp5 have similar climates, except that Tp5 peaks at 8.5 s, lower than Tp3’s, due to the smaller fetch of

the Atlantic Ocean compared to the Pacific Ocean. When comparing the maps and WDMs of Hs and Tp (Figure

1212Figure 12.d and e for the respective maps, and a and b for the WDMs), in the southern and northern oceans,
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they evolve in opposition out of the generation zones, which is especially visible coming out from the polar main

generation zones (Southern Ocean, North Atlantic, and North Pacific). The effect of the southern (northern) large

(small) fetches on Tp and its travelling and increasing patterns was discussed in Section 4.2. Then, as Tp increases,

due to the conservation of energy with very little wave-energy loss during travel across the oceans [35], Hs

decreases. Therefore, the waves that hit the eastern coast coming from the south are generally characterised by

longer Tp and shorter Hs than the waves hitting the western coasts coming from the north.

These spatial contrasts reflect the fundamental organisation of the global wave climate in the mid- to low-

latitude belts. In both hemispheres, the midlatitude westerlies and the mid-to-low-latitude persistent trade-wind

systems create strong longitudinal asymmetries: energetic wind-seas generated in the western storm-track

regions evolve into decayed long-period swells as they propagate eastwards under minimal local wind forcing

[54]. The conservation of wave energy along these long trajectories explains the inverse Tp-Hs relationship, as

energy spreads over increasing spatial scales and partly decays and dissipates through nonlinear interactions

and air-sea friction [57]. The smaller Atlantic fetch limits the development of longer periods compared with the

Pacific, consistent with global observations of weaker swell dominance in the Atlantic sector [24]. However, the

two hemispheres remain inherently asymmetric: the Southern Ocean forms a near-continuous swell generator,

transmitting energy equatorward from the circumpolar westerlies across an almost unbroken oceanic belt, while

in the Northern Hemisphere, ocean-basin geometry constraints fragment the storm tracks of the North Atlantic

and North Pacific, restricting fetch and reducing sustained swell development [17]. Consequently, eastern

oceanic margins are primarily swell-receiving zones, whereas western margins are active wave-generation zones

from the easterly trade winds [62] and western tropical storms [63]. This structure is maintained by the combined

action of the westerlies, the subtropical highs, and the equatorial trade-wind belts that steer wave propagation

and control energy dissipation across basins [23].

1-dimensional results distinguish offshore and open-sea regions from nearshore and
closed-sea areas

Figure 1212Figure 12.d-f show a final and clearly distinguishable set of clusters that merges both the fetch-limited

domains and nearshore areas. The latter generally display a smooth gradient from the offshore zones to the

nearshore zones. Notably, when looking at Figure 1212Figure 12.a-c, the perpendicularity of the waves to the

coast from refraction [4] is generally maintained in the cluster (e.g., θp11 only affects the eastern coasts); and Hs

and Tp tend to increase skewness and kurtosis towards lower values due to nearshore loss of energy (e.g., from

bottom friction among other factors [64]). However, as seen regarding the story-zones, Tp remains peakier near

the western coasts (Tp11) and in the fetch-limited domains (e.g., Tp13 and Tp6 in the Philippines, Gulf of Mexico,

Persian Gulf, Mediterranean Sea). The main clusters orchestrating this nearshore climate are those of index 13,

6 and 15, the latter being the nearest to the coast and the most affected by the lowest values of Hs and Tp.

These nearshore gradients are physically consistent with the depth-dependent dissipation and refraction

processes [65] represented in the CAWCR wave hindcast, where bottom friction, depth-induced breaking, and

spectral refraction parameterisations jointly reduce short-period energy and favour the persistence of longer-

period components towards the coast [26]. In semi-enclosed or fetch-limited domains, basin confinement and
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weaker wind forcing lead to shorter Tp and higher spectral peaking, as reproduced by the model through the

same physical source terms [23].

Comparison between the five approaches’ behaviour in the Southern Ocean 

In the south, 2D (Figure 1212Figure 12.g) is similar to Hs and Tp (Figure 1212Figure 12.d-e), while 3D (Figure

1212Figure 12.h) introduces an additional layer in the cluster gradient, due to the effect of θp (Figure 1212Figure

12.f). In the north, though 2D and 3D concur in a single zone from the North Pole to about 30°N, therefore

merging the variety of Hs, Tp, and θp clusters. This is also visible in the south under the effect of South America’s

shadow, where 3D gathers in one zone, Tp11, Tp4, and Tp8, θp4, Hs3, Hs1, and Hs8 along with 2D13 and 2D4

(other clusters could be mentioned since 3D4 overlaps, such as clusters Tp14, θp5, and θp10, or 2D8, but they

are not fully contained in 3D4). 3D4 also encapsulates 2D13 and 2D4 in the north. 2D13’s WDM (Figure

1212Figure 12.u) is mainly located in low ranges of the wave parameters (along with 2D6 and 2D15 of the

nearshore and closed sea regions) with a higher peak range (~1.5-3.5k h about 1.2-0.9% of 30 years) than 2D4

(~0.8-0.4%) displayed in Figure 1212Figure 12.l. The result of this mix of zones provides a WDM of 3D4 (Figure

1212Figure 12.u) that is practically unique, with the exception of 3D6 having the same broad range of θp (Figure

1313Figure 13), but located at much lower values of Hs and Tp. Therefore, where the Southern Ocean is

characterised by a similar cluster gradient, behind the South American continent’s east coast and in the high

northern latitudes, 2D and 3D (especially) fail to capture the many variations of the two-to-three parameters.

This limitation mainly stems from the extreme zonal continuity and energetic dominance of swell in the Southern

Ocean [54], which results in a blur of the multidimensional contrasts despite the added angular resolution of the

3D classification.

Comparison between the five approaches’ behaviour in mid-to-low latitudes

In the mid-to-low latitudes, beyond the long mid-zones of cluster 1 in the Atlantic and Pacific Oceans, the 2D

classification reveals very limited similarity across the three oceans (Figure 1212Figure 12.g). In contrast, the 3D

classification preserves several consistent patterns between the Pacific and Atlantic Oceans (Figure 1212Figure

12.h). These similarities include a symmetric arrangement of 3D15 around 3D1, with eastern flanks dominated

by 3D8 and 3D10, 3D10 being connected in the south to 3D2. Such similarities slightly extend further eastwards

with 3D5 and 3D11. However, this extension remains limited: for instance, 3D5 is isolated in the north between

3D10 and 3D13 in the Atlantic Ocean, while it also connects to 3D8 in the Pacific Ocean. This richer structure of

3D, in comparison to 2D, arises from i) 3D’s higher number of zones in the low-to-mid latitudes than 2D,

particularly from 3D4 and 3D6, and ii) the influence of θp. Consequently, a) all approaches have the same number

of clusters; b) the main lines connecting one cluster to the next worldwide are broadly consistent between 2D

and 3D (although 3D adds more lines to 2D); and c) the multi-peak character of some Tp (Figure 1212Figure 12.b)

and especially θp (Figure 1212Figure 12.c) clusters in these regions are gradually conserved from 2D to 3D.

Altogether, a)-c) hinders 2D’s ability to resolve seasonal or directional wave systems, which is an important

limitation for various applications, including ship routing or WEC deployment strategies [66].
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Comparison between the Indian, Atlantic, and Pacific Oceans

Although 2D displays some local multi-peak patterns (e.g., Figure 1212Figure 12.g,i,r,v), 3D is the approach most

inclined to highlight the contributions of local and remote waves together. This is specifically visible in the Indian

Ocean (Figure 1212Figure 12.g for 2D and Figure 1212Figure 12.h for 3D). Firstly, it is worth recalling the

difference between the Atlantic and Indian Oceans’ high northern latitudes. While the Atlantic and Indian Oceans

have a narrower generation area than the Pacific Ocean, surprisingly, the Indian Ocean (Arabian Sea and Bay of

Bengal included) tends to more closely follow the Pacific Ocean patterns, especially for Tp. This is the case for

the large swell pools visible in Tp’s clustering of the Indian and Pacific Oceans (Tp2). This reflects the greater

directional variability and coexistence of multiple wave systems in the mid-to-low latitudes [17], where swell

propagation from remote generation zones combines with local wind-sea forcing, a complexity more effectively

captured by the 3D approach. These Tp2’s zones are subdivided by the 2D and 3D approaches. In the Pacific, the

3D case embraces Tp2’s contour better than 2D. 3D splits the swell pools leading to 3D11 along the shoreline,

and 3D5 and 3D2, which together embrace the swell pool shape. In contrast, the Atlantic’s narrower width and

the blocking effect of South America limit such eastward swell continuity, enhancing the dominance of locally

generated wind-seas [13]. The link between the Indian and Pacific Oceans is mainly due to the lack of obstacles,

such as the South American landmass, in the Atlantic Ocean.

Then the Bay of Bengal and the Arabian Sea have their own climates and wave generation processes, both

strongly affected by local (in boreal winter, the Northern Hemisphere, being more energetic than the Southern

Hemisphere) and remote (in the boreal summer, the opposite of the boreal winter) waves. These seasonal

reversals correspond to the monsoon cycle, where alternating wind regimes generate short-period local seas [9]

that coexist with the southward-propagating swells from the Southern Ocean [67], producing multi-peak Tp-Hs-

θp signatures captured by the 3D approach. The seasonal effect, integrated over 30 years, has less influence in

the Pacific and Atlantic Oceans since large generation areas are not only in the south but also in the north, while

the Indian Ocean only possesses a southern generation area. As such, where 2D14 mainly joins both seas, θp

distinguishes them in 3D. Still, 2D14 WDM (Figure 1212Figure 12.v) divides waves generated locally (low heart of

wave parameters), and remote waves from the austral winter Southern Ocean (high Tp heart). The 3D15-3D3-

3D10 Indian Ocean pattern is also obtained off the eastern Australian shores. 3D10 (Figure 1414Figure 14) and a

little 3D3 (Figure 1313Figure 13) display three peaks of different combinations of Tp-Hs-θp; and 3D10 is

dominated by the southern waves. Eventually, in the Atlantic and Pacific Oceans, 3D8 (Figure 1414Figure 14) is

the most striking multi-peak cluster, and so both 3D10 and 3D8 have lower mean maximum occurrence than

3D3 from such a multi-input wave climate: from the north, south, and locally. These differences emphasise the

importance of both basin geometry and atmospheric circulation in shaping the multidirectional wave regimes,

which 3D captures more comprehensively than lower-dimensional approaches [57].

Nearshore and closed sea regions for the 2- and 3-dimensional approaches

Fetch-limited domains, fragmented across a mix of clusters 6 and 13 (Figure 1212Figure 12.d-h), with sporadic

contributions from 2D14 (Figure 1212Figure 12.g), are unified under cluster 6 in the 3D classification (Figure



Page 34 over 66

1212Figure 12.h). However, a singular pattern emerges in the Caribbean Sea where the two distinct zones from

the Western Pacific and Atlantic Oceans, 3D1 and 3D5, meet and interlock. 3D1 and 3D5, settled in sharp

juxtaposition over the basin, evoke the complementary duality reminiscent of a yin-yang arrangement. Overall,

the contrast between the multi-cluster character of the 1D classifications and the minimised cluster variety of

the 2D and especially 3D classifications suggests that coastal, semi-enclosed, and nearshore regions could greatly

benefit from a coastal classification. Such a study would exclude offshore waves to concentrate on the global

shelves and enhance the depiction of dynamics tied to shelf and nearshore processes.

On the eastern and western sides of the oceans

Overall, the mid-to-low latitudes’ east and west climates are very different. Where cluster 11 is generally present

along the eastern coasts, Hs provides Hs11 also in the Western Pacific (Figure 1212Figure 12.d), and Tp confines

it to the west of the basins (Figure 1212Figure 12.e). Cluster 11 is generally single-peak based, although with a

distinctly rounded peak for Tp around 8.5 s (Figure 1212Figure 12.b), whilst 2D (Figure 1212Figure 12.s) and 3D

(Figure 1515Figure 15) provide it around 14.5 s, corresponding to the eastern high Tp trends analysed earlier

here. Vice versa, although the western-Pacific zone of Hs does not exist in 2D and 3D, they both provide waves

consistent with its 1.5 m peak. Western Pacific Hs11 is contained in 3D13 and 2D3. However, where 3D13 is

practically a single-zone cluster, 2D3 appears as a nearly symmetrical axis for 2D13 in all three basins. This

symmetry probably comes from the influence of Hs3 (Figure 1212Figure 12.a), which also peaks at 1.5 m, where

2D3 displays its maximum (Figure 1212Figure 12.k). 2D3’s main zones, though, are in the Western Pacific and

Indian Oceans. Therefore, the uniqueness of 3D13 probably comes from the intersection between 2D3 and the

set of θp3-θp1-θp14, which is only present in the Pacific and Atlantic Oceans. Conversely, where 2D5 appears as

a mainly single-zone wave climate from the effect of Tp5 (versus Tp3), it mainly becomes the pair of 3D1 and

3D15 that appears west of 3D13 in both the Atlantic and Pacific Oceans. 3D1 (Figure 1313Figure 13) diverges

mainly from 3D15 (Figure 1515Figure 15) by 3D1’s more pronounced 3rd peak at 195°. 3D13 completely lacks any

2nd or 3rd peak. Further, 3D13 is centred on the main peak of 3D15. Finally, 3D1 revolves around 9.5 s, 1.5-1.3 m,

between 60°-105° (3D15 being a tad more southwards) with a tail northwards for longer Tp (that forms the 2nd

peak for 3D15 and 3D1). It is worth noting that 3D1 coincides with the Pacific Ocean’s main concentration of

1.9m-10.5s-345° waves (Figure 55Figure 5.e). The waves gather and merge into 3D13, such that the offshore

waves (of 3D15) coming from the south lose their effect increasingly through 3D1. While on the western coast,

3D11 (Figure 1515Figure 15) is characterised by dominating very large Tp waves from the south. This, and the

trends earlier observed in the Indian Ocean, highlight the different phenomena affecting the different sides of

the oceans.

In conclusion, these west-east contrasts encapsulate the physical realism progressively gained from 1D to 3D

approaches. By jointly resolving Hs, Tp, and θp, the 3D classification distinguishes swell-dominated eastern

margins from wind-sea-dominated western ones. Long-period regimes along eastern coasts reflect Southern

Ocean-generated swell that propagates into the Indian and Pacific basins [24], and the associated long-period

energy signal along eastern margins is evident in the global atlas [68]. The 3D WDMs, such as 3D8 and 3D10,

distinguish the northward-propagating swell systems with higher-energy waves (mostly higher Tp) from those
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going southwards, originating from the aforementioned geometric confinement of northern storm tracks,

opposed to the continuous energy input from the circumpolar Southern Ocean [17]. In contrast, the shorter-

period, higher-skewness conditions on western sides arise from trade-wind forcing and storm-track variability

[23], further shaped by boundary-current refraction, such as in the Kuroshio and Brazil Currents [13]. In the Indian

Ocean, the southwest and northeast monsoons intensify local seas in the Arabian Sea, while the Bay of Bengal

remains more exposed to Southern Ocean swells [9]. Together, these mechanisms illustrate how the 3D approach

integrates local and remote forcing to reproduce global wave-climate asymmetries.
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Figure 1313. 30-year wave climate classification using 15 clusters and 10 modes for the full 3-Dimensional (3D) space of
the significant wave height, Hs, peak period, Tp, and peak direction, θp. Here, the first to the sixth classes are represented
following the colouring of Figure 1212Figure 12.h.
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Figure 1414. 30-year wave climate classification using 15 clusters and 10 modes for the full 3-Dimensional (3D) space of
the significant wave height, Hs, peak period, Tp, and peak direction, θp. Here, clusters 6 to 10 are provided with a
numbering of the clusters that follows the colouring of Figure 1212Figure 12.h.
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Figure 1515. Last classes of the 30-year wave climate classification using 15 clusters and 10 modes for the full 3-Dimensional
(3D) space of the significant wave height Hs, peak period Tp, and peak direction θp. The numbering of the clusters follows
the colouring of Figure 1212Figure 12.h.
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Discussion on the limits of the inter-approach cluster comparison and clusters’ spreads
across basins

Cluster-indexing between approaches shows some inconsistencies, the main ones being listed here. Cluster 15,

generally a coastal area consisting of small waves, appears offshore with a completely different shape for θp and

3D. Cluster 13, generally coastal, becomes a directional gradient cluster in the Southern Ocean for θp. Cluster 14

is mainly a closed-sea or nearshore cluster, whereas Tp shows it as the anomaly in the southernmost region, and

3D as part of the Southern Ocean cluster gradient. 3D8 is located in the mid-eastern Atlantic and Pacific Oceans,

while 2D8 is in the western part of the Pacific Ocean. Yet, 3D8’s three peaks around 1.9-1.7 m for the distinct

groups of θp-Tp (south-14.5 s, northeast-9.5 s, and east-8.5 s), somehow match those of θp8. Both 2D8 and 2D1

peak around 1.7-1.9 m, although Tp ranges around 9.5 s. Hence, inconsistencies lie mainly with nearshore/coastal

and east-versus-west regions.

Despite apparent divergences in cluster indexing between approaches, the five classifications consistently

outline the principal structures of the global wave climate. These variations mostly reflect differences in the

physical sensitivity of each parameter: Hs emphasises energy magnitude, Tp the temporal maturity of the wave

field, and θp its directional forcing. Yet, together they delineate coherent oceanic regimes that correspond to

established atmospheric and wave-generation systems. To illustrate this connection, Table 4 summarises and

references the literature of the dominant oceanographic processes governing each of the 15 global clusters

across the five approaches. The identified clusters align closely with well-established atmospheric and oceanic

circulation features. High-latitude clusters correspond to storm-track and Southern Ocean swell systems driven

by westerlies and extratropical cyclones (e.g., clusters 4, 7, and 9), whereas subtropical bands reflect the

progressive dispersion and decay of these swells as they enter more quiescent gyre regions (e.g., Hs8 and cluster

12). Tropical and equatorial clusters are shaped by the persistent trade-wind regimes (e.g., θp1, θp5, Tp3, 2D3,

and 3D13) and, in the Indian Ocean, by the seasonal monsoon reversals (e.g., 3D3, Hs14, and 2D14). Coastal and

semi-enclosed clusters capture the strong attenuation of wave energy due to limited fetch, bathymetric effects,

and continental shadowing (e.g., cluster 6 and Hs15, Tp15, and 2D15). Together, these spatially consistent

physical regimes demonstrate that the multivariate WDM-based classification not only reproduces known global

wave-generation mechanisms but also provides an integrated framework linking local and remote forcing (e.g.,

θp8, 3D8, Tp10, and 3D10) within a unified statistical–physical description of the world’s sea-state variability.

Table 44. Brief physical description of the 15 clusters’ main processes, per approach. SO stands for Southern Ocean, SE/E
for SouthEast/East, and NE for NorthEast. Clusters dominated by contour zones are underlined (a * is added when there is
a mix of zone types), while story clusters defined previously are in italic font, and the gradient zones are underlined with
italic font.

Cluster
index

Significant wave 
height, Hs

Wave peak period, 
Tp

Wave peak 
direction, θp

2-Dimensional 
space, Hs-Tp

3-Dimensional space,
Hs-Tp-θp

1
Southwards 
subtropical 
transition fed by 
trade winds [23]

*Merging point of 
local trades, and 
swell propagation 
from northern and 
southern 
generation [9]

Northern trade 
wind-driven seas 
[23]

Merging point of 
local trades, and 
swell propagation 
from northern and 
southern 
generation [9]

Northern trade wind-
driven seas and 
northern swell 
dispersion [23]
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2
Tropical trade-wind
seas with 
embedded swell 
influence in both 
hemispheres [54]

Long-period swell 
pools [9]

Zonal SO bands; 
gradual veering 
with latitude [23]

Southern eastern 
subtropical 
regimes under 
subtropical highs 
and decayed swell 
[54]

SO northernmost 
swell decay and 
dispersion belt [24]

3 *Western regions 
of the basins and 
transitional trade 
generation, storm 
generation, and 
swell decay [23]

Trade wind-driven 
seas pool [9]

Coexistence of 
northwest, 
southeast, and 
east-originated 
waves [17]

Trade wind-driven 
seas pool [9]

Multi-input regime 
combining SO swell, 
monsoon-modulated 
seas, and local 
generation [24]

4 High-latitude 
storm-track seas 
of the North 
Pacific and North 
Atlantic, around 
1.9 m, bridging 
energetic 
generation zones 
and subtropical 
margins [23]

Shorter-period, 
wind-
sea–dominated 
storms in western
high latitudes 
with eastward 
dispersion of 
longer swells [59]

Westerly-
steered storm 
directions, 
reflecting 
Aleutian and 
Icelandic Low 
influence [59]

High-latitude 
wind-sea regime 
plus secondary 
zone in the South
Atlantic lee of 
South America’s 
shadow [13]

Composite storm-
track regime 
capturing both 
North 
Atlantic/Pacific 
belts and the SO 
lee-shadow zones; 
swell-dominant 
blurring under 
westerlies. [23]

5
Equatorial open 
ocean decayed 
swells [24]

NE-trade wind-
driven Atlantic seas
pool [23]

Meridional SSW 
swell corridors 
from SO wave 
refraction [24]

NE-trade wind-
driven Atlantic 
seas pool [23]

SO final 
northernmost zone 
gradient towards the 
swell pools [9]

6
Nearshore/closed 
seas; fetch-limited 
[54]

Nearshore/closed 
seas; fetch-limited 
[54]

SE trade winds 
under Mascarene 
and South Atlantic
highs [69]

Nearshore/closed 
seas; fetch-limited 
[54]

Nearshore/closed 
seas; fetch-limited 
[54]

7 High-latitude 
southernmost belt 
of the SO swell belt 
westerlies 
dominated [59]

High-latitude 
southernmost belt 
of the SO swell belt 
westerlies 
dominated [24]

High-latitude 
southernmost belt
of the SO swell 
belt westerlies 
dominated [58]

High-latitude 
polewardmost belt 
of the swell belt 
westerlies 
dominated [17]

High-latitude 
southernmost belt of 
the SO swell belt 
westerlies dominated 
[22]

8

Subtropical gyre 
belt transition; 
Northern swell 
dispersion and 
decay [59]

*Northern swell 
generation from 
low-pressure 
systems and nearly 
meridional 
transitional zones 
in the south [69]

Northern weak 
westerly-easterly 
transition reduced
local forcing 
bidirectional swell
receiver from the 
northern and 
Southern 
Hemispheres [17]

Swell dispersion, 
storm feeding, and 
trade wind-driven 
generation [54]

Northern weak 
westerly-easterly 
transition reduced 
local forcing 
bidirectional swell 
receiver from the 
northern and 
Southern 
Hemispheres [17]

9 High-latitude 
southernmost belt 
of the SO swell belt 
dispersion 
westerlies 
dominated [59]

High-latitude 
southernmost belt 
of the SO swell belt 
dispersion 
westerlies 
dominated [24]

High-latitude 
southernmost belt
of the SO swell 
belt dispersion 
westerlies 
dominated [58]

High-latitude 
southernmost belt 
of the SO swell belt
dispersion 
westerlies 
dominated [17]

High-latitude 
southernmost belt of 
the SO swell belt 
dispersion westerlies 
dominated [22]

10 Equatorial-tropical 
superimposition 
(Pacific) and 
independent 
presence (Atlantic) 
of north and south 

Bimodal wave 
system coexistence 
of the southern 
swells and local 
trade generation 
[17]

High-latitude 
northernmost belt
of the SO swell 
belt dispersion 
westerlies 
dominated [58]

Swell dispersion, 
storm feeding, and 
trade wind-driven 
generation [54]

Southern swell-
dominated mixed 
sea–swell regime, 
shaped by basin 
geometry and 
southern storm tracks



Page 41 over 66

originated swells 
[24]

[54]

11 Trajectory end of 
the SO swells, 
arriving from the 
west from the 
veering with 
latitudes in weak 
equatorial regions 
[23]

Western coast 
sheltered weak 
wave generation 
regions [23]

Trajectory end of 
the SO swells, 
arriving from the 
west from the 
veering with 
latitudes [23]

Trajectory end of 
the SO swells, 
arriving from the 
west from the 
veering with 
latitudes [23]

Trajectory end of the 
SO swells, arriving 
from the west from 
the veering with 
latitudes [23]

12 High-latitude 
southernmost belt 
of the SO swell belt 
dispersion 
westerlies 
dominated [59]

High-latitude 
southernmost belt 
of the SO swell belt 
dispersion 
westerlies 
dominated [24]

High-latitude 
southernmost belt
of the SO swell 
belt dispersion 
westerlies 
dominated [58]

High-latitude 
southernmost belt 
of the SO swell belt
dispersion 
westerlies 
dominated [17]

High-latitude 
southernmost belt of 
the SO swell belt 
dispersion westerlies 
dominated [22]

13
Nearshore/closed 
seas; fetch-limited 
[54]

Nearshore/closed 
seas; fetch-limited 
[54]

High-latitude belt 
of western swells, 
westerly-
dominated [58]

Fetch-limited and 
nearshore-
attenuated regime 
west-side class [70]

Midlatitude storm 
track western-basin 
regime [23]

14
Monsoon-forced 
local seas with 
admixed SO swell 
[13]

SO storm-track 
seas/young swell 
[23]

Easterlies and 
storm regime 
trade-dominated 
[23]

Bimodal 
monsoon–swell 
mix: local short-
period seas vs 
remote swell [13]

High-latitude 
southern belt of the 
SO swell belt 
dispersion westerlies 
dominated [22]

15

Nearshore/closed 
seas; fetch-limited 
[54]

Nearshore/closed 
seas; fetch-limited 
[54]

High-latitude 
southern belt of 
the SO swell belt 
dispersion 
westerlies 
dominated [22]

Nearshore/closed 
seas; fetch-limited 
[54]

Equatorially
symmetric trade-wind
dominated [9]

Overall, clusters with zones situated in various oceans could be observed in Figure 1111Figure 11. This is

significantly highlighted here with many more clusters: zones in different oceans still belong to the same cluster,

no matter their location and, thereby, the different physical phenomena that lead to their generation. This

questions the recurrent approach that consists of separating the oceans in strictly wave climate analyses, such

as in Lobeto et al. [18]; doing so may enhance the possibilities of redundancies in the wave classification.

4.4.3 Discussion about the final classification

Figure 1616Figure 16 and Figure 1717Figure 17 provide the correlation and RMAD (see Section 3.5) of the results

investigated in Section 4.4.2. The correlation provides an idea of how similar the WDMs’ patterns are compared

to the WDM of the cluster they belong to. RMAD provides a measure of the gap between the values of the WDMs

and their associated cluster’s WDM.

All approaches are characterised by positive correlations, except for θp, which is the only approach that shows

negative values. Although the southern correlations are near 1, they decrease north of 30°S, especially in the

western basins. Firstly, the lower correlation values generally follow the contours of the zones. These contours

stress the transition of the waves from one zone to the next. There are, however, locations where the transition

is more radical. Many of these abrupt transitions happen near or in the shadow of islands (behind the islands in
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the direction of the waves). Further, the lowest and most negative correlations occur in areas where currents

are strong, especially along the Kuroshio Extension, the Gulf Stream, the Malvinas/Falkland Current and

Convergence Zone, and the Somali Current. Even the Agulhas Currents appear to affect the distributions. This

dependency on the current is evident in the zones of Hs, with, for instance, the branch of Hs3 following Hs14 for

the Gulf Stream, and in Tp, with the Agulhas Return Current for Tp9 (Figure 1212Figure 12). The Agulhas Return

Current leads somehow to the Antarctic Circumpolar Current that seems to be mainly captured by cluster 9 for

Hs, Tp, and 2D, splitting the Southern Ocean into its southern and northern parts. However, while Tp follows

current main streams far less, and Hs is next in line, they both show larger spreads of good correlations and RMAD

values than θp. θp hence appears much more sensitive to currents than Hs and Tp. Furthermore, a correlation

between the Hs zones and the InterTropical Convergence Zone (ITCZ) could be investigated, especially with the

trends in the Indian Ocean (e.g., Hs3 and Hs1) and the symmetry in the other two oceans, which are fairly tilted

rather than lying perfectly along the equator [71]. This direct connection with the ITCZ is also perceivable in the

contours of the cuts of the zones of the other approaches. Altogether, the current and topography have a direct

impact on the winds [56] along with the ITCZ [72], and as these winds generate the waves, currents, topography,

and the ITCZ also have an indirect impact on these waves, along with the direct impacts seen such as those from

the currents, especially on θp as per the correlations and RMAD maps.

Hs and Tp approaches provide an almost-perfect correlation map, except for the coastal zones, the Arabian and

Caribbean Seas, and around the Canary Islands. Even at their highest correlation, RMAD still highlights the

transitional zones mentioned above. In particular, cluster 2 and Tp1 in the Pacific Ocean, Hs5 in the Atlantic

Ocean equatorial region, and Tp3 and Tp10 in the Indian Ocean exhibit a lower RMAD transitional zone than the

rest of the offshore clusters. Furthermore, Hs7 shows a heart of reduced RMAD near Kerguelen Island (also

pointed out in wind anomalies by Chelton et al. [56]), which diverges from the general pattern of higher

representativeness in the middle of the zone, getting lower away from this heart. These patterns are reproduced

in 2D, as evidenced by their correlation. 2D (and even more 3D) shows that combining parameters decreases the

representativeness of the clustering, suggesting the need for more clusters in the classification. Despite being

more detailed, 2D (and 3D) manages to capture fewer variations.
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Figure 1616. Correlation surface of the climates’ means versus the climates’ contributing grid-points displayed in Figure
1212Figure 12.

Figure 1717. Relative Mean Absolute Difference (RMAD, unitless) between the clusters, Figure 1212Figure 12 and their
respective grid-points. The main ranges of colour interpretation have been provided on the colourbar.

Section 4.4.2 showed that 3D significantly reduces the clustering variation and, thereby, the cluster instability by

reducing the noise of cluster alternation through gathering them into a single cluster (see examples of 3D4 and

3D6 investigated in Section 4.4.2). However, this higher stability, with lower cluster-alternation noise, leads to

much lower representativeness (correlation/RMAD) of the clusters. This suggests that, despite being the most

stable and detailed approach, 3D would profit from a higher number of wave classes. Some tests (not provided

here as out of the scope of this research) showed that increasing the number of clusters would lead to the division

of 3D4 and 3D6 into zones that more closely follow θp’s split.
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The fact that the linearity of PCA may not be a significant problem in θp-related classifications is demonstrated

in 1D with a map still dominated by good representativeness (most grid points have a near-1 correlation and are

below the RMAD-bad threshold). However, θp significantly reduces 2D’s representativeness in 3D. Yet, in most

regions (aside from the transition zones), the representativeness values are below the bad-RMAD threshold and

above 0.5 correlation. The critical areas are mainly those nearshore and fetch-limited domains of 3D6. This is

also the case for 3D4, which poorly represents the zones near Argentina and in the Arabian Sea, below which

3D3 does not perform so well either. This can lead to future work assessing coastal and fetch-limited domains,

on the one hand, and offshore grid points excluding the coast and closed sea grid points, on the other hand. This

may also lead to considering other classification methods capable of integrating a linear model or an input form

that is circular.

Finally, Figure 1818Figure 18 provides the independent 1D WDMs of the six largest zones of the aforementioned

Hs2, Tp1, and θp4 selected for their distinctive features, such as being a story-type or contour-type cluster, being

symmetrical, or having lower correlation or RMAD. It is worth noting that the number of zones for a cluster may

increase drastically when containing various zones characterised by a single or a few grid points. One may expect

that each zone would contribute to a peak of the multi-peak WDMs, whereas Figure 1818Figure 18 highlights

very common trends across the zones, confirming the notion of belonging to the same cluster, grouping similar

WDMs. However, some zones do diverge from the cluster’s WDM, especially in the Indian Ocean, showing more

noise in their WDMs. Hence, what makes them part of the cluster nonetheless is their highest occurrence peaks,

which are thereby among the most important features in this wave classification.
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Figure 1818. Significant wave height (Hs), peak period (Tp), and peak direction (θp) zones for their cluster 2, 1, and 4 over
15 (from Figure 1212Figure 12), respectively. Each zone’s colour and index over the total number of zones of the referred
cluster is provided in the title of the subfigure. The Percentage (Perc.) of points in the zone relative to the entire cluster is
provided in the legend. Below Perc., the Correlation (Cor.) of that zone wave distribution matrix and the one of the cluster
is provided, along with the Relative Mean Absolute Difference (RMAD) between them.

While the present classification assumes a stationary wave climate over 1981-2010 to ensure spatial

comparability across approaches, recent studies demonstrate that both natural variability and anthropogenic

forcing introduce measurable long-term changes in global wave regimes. Tropical and extratropical wave

climates are influenced by warming-driven variability and altered storminess patterns [22]. These are

accompanied by increasing global wind speeds and significant wave heights, which are largely governed by swell

trends and modulated by major climate modes, such as the North Atlantic Oscillation, Antarctic Oscillation, and

El Niño Southern Oscillation [73]. Kamranzad et al. [74] further showed that 30-year averaging windows may still

underrepresent multi-decadal fluctuations in swell and wave energy potential. Collectively, these findings

emphasise that the apparent spatial stability of the classified clusters likely conceals the evolving magnitudes
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and directional balances of the major wave climate modes. Future work should therefore incorporate temporally

segmented analyses to evaluate how these global regimes are dominated by one phase or the other of the

dipole-type of modes, which include the aforementioned North Atlantic Oscillation and El Niño Southern

Oscillation, among others [75], and how they respond to interannual and multi-decadal climate variability along

with their long-term changes.

5 CONCLUSION

This research provided a novel approach to wave-climate analysis, grounded in an engineering perspective

inspired by wave-energy-converter assessments. The method discretises Hs (significant wave height), Tp (wave

peak period), and θp (wave peak direction associated with Tp) independently, and combined into 2D (2-

Dimensional space of Hs-Tp) and 3D (3-Dimensional space of Hs–Tp–θp) histograms that represent, for each bin,

the 30-year occurrence in hours. These WDMs (Wave Distribution Matrices) are computed at every grid point

worldwide. PCA (Principal Component Analysis) is then applied to identify the dominant representative modes

for each 1D (1-Dimensional space: independent Hs, Tp, and θp), 2D, and 3D approach. A k-means classification

subsequently uses the first 10 dominant modes to cluster the world into the main groups of similar WDMs. As

such, it significantly reduces the computational complexity by bypassing the need to consider all individual points

(a reduction factor of ~20,000). Finally, these groups are clusters, each containing one or more zones in the same

or different ocean basins.

The modes proved capable of representing multiple wave systems simultaneously. For Hs, Tp, and θp, the first

modes generally reflect the mean conditions and resemble the mean and especially the maximum mean-peak

occurrence maps. Across all five approaches, the first mode generally depicts a two-peak global system, while

the second and third modes refine key regional features of coastal and semi-fetch-limited domains for Hs, Tp,

and 2D, and broader-scale atmospheric or current-related structures for θp and 3D. Hs is characterised by a

strong meridional gradient distinguishing high latitudes from lower-latitude regions. Tp displays a clear northeast

-to-southwest oceanic division mostly driven by the Southern Ocean, delineating south- and north-originating

wave systems, orchestrated between seas and swell pools. θp nuances this structure further, reflecting the

atmospheric circulation cells. Notably, the first modes reveal a few zones that, despite arising in different basins

and from different generation processes, consistently group into similar clusters. This suggests that the oceans

can be jointly assessed to avoid redundancy in the results, with only a handful of modes already offering a strong

overview of the global wave structure.

Although the modes provide a clear view of the dominant global wave patterns, the classification does not evolve

in a hierarchical structure. Because the world’s wave regimes form a continuous domain, increasing the number

of climates mainly rearranges previous zones rather than subdividing them. A higher-k classification zone may

overlap two lower-k classification zones, which justifies the use of k-means over hierarchical methods. The wave

parameters’ main trends remain stable through the k-level classifications: zonal for Hs, diagonal for Tp, and a

mix of both for θp.
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All five approaches revealed a zonal wave-climate gradient across the Southern Ocean, extending from high to

mid latitudes. From south to north, throughout these transitional bands, tall waves lose amplitude while

increasing in period and rotate from eastward to northeastward directions. Despite the recurrent modal linkage

between the North Atlantic and Pacific Oceans and the Southern Ocean, the cluster maps of Tp and θp often

segregate them into distinct zones. Westward versus eastward waves in the east and west, respectively, and

lower Tp (and Hs) elongating (decreasing) equatorwards. Western ocean basins are more dominated by the

northern-originating waves, while eastern basins tend to have multi-peaked wave systems dominated by the

southern swell, typically more energetic due to the Southern Ocean’s larger wave-generation area. The Indian

Ocean and the adjacent gulf and seas emerge as a region with irregular classification patterns across approaches.

South America and nearby current systems produced localised zone(s) similar to those in the north. Coastal and

fetch-limited domains consistently form distinct clusters across all approaches, due to their unique wave

patterns.

These results revealed not only west-east and south-north trends, but also emphasised the interplay between

remote versus local wave influences. Effects from non-wave parameters, such as the currents, topography, and

ITCZ (InterTropical Convergence Zone), are also evident. Local effects, especially in the Indian Ocean regions, are

particularly pronounced where the northern high-latitude wave-generation areas of the Atlantic and Pacific

Oceans are absent. The Indian and northern Pacific Oceans are similarly classified in Tp. 2D maps reflect Tp’s

clustering in the mid-low latitudes, while the north mainly consists of one dominating wave climate. 2D tends to

reduce the high coastal-cluster variation in Hs and Tp (also present in θp). Finally, the complete 3D approach

provided the least noisy classification, but with a lower representativeness than the other classifications. Hs and

Tp yield the highest representativeness, followed by 2D and θp. θp’s lower (sometimes negative) correlations in

regions affected by currents or topography obstacles essentially contribute to 3D’s relatively reduced

performance. Notably, 3D collapses coastal and fetch-limited domains into a single dominant wave climate,

similar to the high-latitude grouping in the Northern Hemisphere, whereas mid-to-low and southern latitudes

remain more fragmented than in 2D.

To preserve comparative consistency, the same number of clusters was used for all approaches. However, results

suggest under-clustering in northern, fetch-limited domains and coastal areas that may benefit from higher k

values. Future improvements could involve: 1) separating offshore versus coastal and closed sea classifications;

2) increasing the spatial resolution in nearshore zones to assess the wave climate evolution from offshore to

coastal areas; 3) evaluating circular methods for the PCA and classification when θp is involved. Additionally, this

study assumes a stationary wave climate, meaning that potential interdecadal variations or long-term trends

related to climate change or oscillatory modes, such as El Niño and La Niña or the North Atlantic Oscillation, are

not explicitly captured. Moreover, it is worth noting that although a review of the in-situ validations conducted

for the CAWCR hindcast used here has been provided, this work does not perform complementary in situ

validation. The interpretation of the results regarding the distinction between swells and seas is principally

conducted using a 10-s threshold, which may not hold in all regions. The brief wind overview could be further

considered to compute the wave age and help conduct this distinction. Furthermore, this study only considers
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the dominant wave spectral peak. Future studies may explore the consideration of more spectral partitions,

which would require balancing spatial resolution and the number of partitions with regards to computational

capacities, and better refine the separation between swells and seas. Ultimately, the next step in this research is

to introduce the temporal evolution effect on these climates, enabling the quantification and projection of

long-term trends in wave regimes under changing climatic conditions.

DATA AVAILABILITY

The data used to conduct this research are available at the links provided in the references. Concerning the data

resulting from this research, the five approaches’ fifteen classes indices are available at

https://archive.org/details/classification_thetap_15clusters_1_10_30yearfull.

GLOSSARY

Short name Units (N/A for Non-Applicable,
-- for non-dimensional) 

Full Name

1D N/A 1-Dimensional (either Hs, Tp, or

θp)

2D N/A 2-Dimensional (mainly Hs and Tp)

3D N/A 3-Dimensional (joint Hs, Tp, and

θp)

C Context/variable-dependent (e.g.,

m, s, °, m/s)

Covariance matrix

CAWCR N/A Centre for Australian Weather and

Climate Research 

CFSR N/A Climate Forecast System

Reanalysis 

Corr. -- Correlation

EOF -- Empirical Orthogonal Function

H -- Total number of bins over Hs

Hs m Significant wave Height

IEC TS N/A International Electrotechnical

Commission Technical

Specification

IM Context/variable-dependent (e.g.,

m, s, °, m/s)

Input Matrix

ITCZ N/A InterTropical Convergence Zone

M -- Number of grid-points

MAE Mean Absolute Error

Max Context/variable-dependent (e.g.,

m, s, °, m/s)

Maximum
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Min Context/variable-dependent (e.g.,

m, s, °, m/s)

Minimum

PC -- Principal Component

PCA N/A Principal Component Analysis

R -- Pearson (linear)

correlation coefficient

RMSE Context/variable-dependent (e.g.,

m, s, °, m/s)

Root-Mean-Square Error

nRMSE -- normalised Root-Mean-Square

Error

RMAE/D -- Relative Mean Absolute

Error/Difference

SAM N/A Southern Annular Mode

SOI N/A Southern Oscillation Index

S -- Total number of sea-states

s -- Number of selected sea-states

SI -- Scatter Index

Std Context/variable-dependent (e.g.,

m, s, °, m/s)

Standard-deviation

T -- Total number of Tp bins

Te S Wave energy or mean period

Θ -- Total number of bins over θp

θm ° (degrees) Mean wave direction

θp (thetap) ° (degrees) Wave peak direction (unless

mentioned otherwise it indicates

where the waves come from)

θw (thetaw) ° (degrees) Wind direction (unless mentioned

otherwise it indicates where the

winds come from)

Tp s Wave peak period

W m/s Wind speed

WDM N/A Wave Distribution Matrix

WEC N/A Wave Energy Converter

X N/A Eigenvector matrix
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Appendix A : Wave and wind parameters' statistics on the time series

To help better understand the results, statistics have been conducted on the major parameters involved in this

study and in relation to this study. Namely, the first three main parameters considered here are Hs (Figure

A.11Figure A.1), Tp (Figure A.22Figure A.2), and θp (Figure A.33Figure A.3). As θp is a directional parameter, the

circular statistics from the package of Berens [76] have been used. As one of the most considered parameters in

the wave energy field, and combining both the wave height and period, the wave energy is also provided here in

Figure A.44Figure A.4, with the aim of helping understand the Hs-Tp bivariate distribution and EOF

decomposition. Finally, the gravity waves considered here are those generated by the wind, in order to better

understand the source of the results, so the 10 m wind total amplitude and direction statistics are shown in

Figure A.55Figure A.5 and Figure A.66Figure A.6, respectively.

Figure A.11. Statistics over the significant wave height (Hs) global histograms over the 30-year period from 1981 to 2010.
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Figure A.22. Statistics over the wave peak period (Tp) global histograms over the 30-year period from 1981 to 2010.

Figure A.33. Circular (Circ.) statistics over the wave peak direction (θp) global histograms over the 30-year period from
1981 to 2010.
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Figure A.44. Statistics over the wave energy (E) global histograms over the 30-year period from 1981 to 2010.

Figure A.55. Statistics over the wind amplitude (W) global histograms over the 30-year period from 1981 to 2010. Zeros
are provided in white colour.
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Figure A.66. Circular (Circ.) statistics over the wind direction (θw) global histograms over the 30-year period from 1981 to
2010.
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Appendix B : Complementary statistics of wave parameters’ histograms

Figure B.11Figure B.1 and Figure B.22Figure B.2 provide complementary figures to Section 4.2. Figure B.11Figure

B.1 is the occurrence maps of the 2D key bins of Figure 33Figure 3. Figure B.22Figure B.2 provides the mean

WDM (and thereby SM) of the 3D approach.

Figure B.11. Mapping of the 30-year (1981-2010) occurrence (in hours) of 30-year average sea-state distributions' peaks 
and key occurrence bins for 2-dimensional distributions of Hs, the significant wave height, Tp, the wave peak period, and 
θp, the wave peak direction.

Figure B.22. Sea state full 3-dimensional (3D) mean 30-year global distribution. Hs is the wave significant height, Tp, the
wave peak period, and θp the wave peak direction. Walls are the accumulated projection of the 3D distribution in the
considered axis. Dots are the actual points of the data, and the contourlines have been added to keep track of the 2-
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Dimensional wall projections from the 3D distribution. In the 3D panel, Hs-Tp-θp), all points below 20% of the top boundary
of the minimum range have been removed.

Appendix C : Crossing the cluster indexes

As mentioned in Section 3.4, there is no reason that the k-means indexing match between the approaches (for

instance, all clusters along the equator to be referred to under index 1, and those around the poles as index 2).

In this section, each approach (1-3D) is considered as a period based on the fact that this algorithm was

developed to cross-classify various periods (e.g., each year within a 10 or 30-year period). Each obtained cluster

must, therefore, be matched (it will take the index of the cluster that has the most grid-points in common with

the maximum representation of all clusters) so the clusters have consistent indexing among all periods. This is

done following Figure C.11Figure C.1’s k-means index consistency method. For example, using the clustering of

Hs as a Reference Clustered Vector (RCV), if the second Column Vector (CV) has a very similar spatial clustering

but different indexing, this algorithm will change CV’s initial indexing to match RCV. Thus, if RCV’s 1st cluster

matches CV’s 3rd cluster, then the final Crossed Period (CP) 2nd column vector will have the points under CV’s

idx=3 being set to idx=1, and so on. Eventually, the RCP will be replaced by CP to process the next steps of the

crossing-period method.



Page 57 over 66

Figure C.11. Flow chart of the k-means index consistency algorithm.
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Appendix D : Investigating the decomposition of Hs in the first three modes

Figure D.11Figure D.1 provides an assessment of the distribution and the EOF decomposition of two points of

the world. The first point (top row) is located at the minimum value of the first PC of the global 30-year mean Hs,

while the second point (bottom row) is associated with the maximum value obtained for that same PC. The left

column provides the maps of the points' location and colouring of the first PC. The second column provides the

initialisation of the data (IM), i.e. the initial distribution of the points, its centralised version (IM-SM), and SM.

The third column provides the multiplication of the first three modes: each EOF by its respective PC value at the

considered points. The fourth column provides the sum of the first two and first three modes as an example of

how adding modes leads little by little to the initial IM-SM distribution. 

Figure D.11.Reconstruction of the Initial Distribution (IM) minus the global Space Mass (SM) of locations of maximum and
minimum values of the first mode of the significant wave height (Hs) Empirical Orthogonal Function (EOF) decomposition,
using the three first modes of EOFs and Principal Components (PCs).
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Appendix E : Optimal k selection

As mentioned in Section 3.4, for the classifications of the PCs, both the number of modes to use and the number

of clusters to consider are necessary to determine. The second main constraint of the k-means clustering is the

need to pre-determine the number of clusters. The Elbow method [77] is the common method in wave-related

analyses to determine the number of clusters in a distribution; for instance, Fairley et al. [21] used it to classify

different sets of wave statistical parameters globally independently, or alongside the Silhouette criterion [78] to

classify El Niño coastal hazard worldwide [79]or to group global wind and wave patterns [80]. The inflexion point

(at the elbow of the curve) shall provide the optimal number of clusters as in Odériz et al. [22]. However, as the

Elbow method has been shown not to be necessarily accurate compared to other clustering methods [81],

alternative methods, Caliński and Harabasz [82], Davies-Bouldin [83], and Gap [84] have been considered. A

sensitivity test over the number of modes considered was conducted for 1 to 50 cluster possibilities. Figure

E.11Figure E.1. . provides the best number of cluster(s) obtained from each k-test approach for clustering using

from one to many PCs considered. Curves are generally converging in a range of values after considering 10

modes, leading to above 90% representativeness for both Hs and Tp and about 90% for θp, about 80% for 2D,

and about 70% for 3D. For its elbow shape and as the maximum value of the Gap method generally provided

outlier values, the tangent method used in the Elbow method to obtain the elbow-curve optimal point has also

been alternatively implemented here and referred to as the "Gap using Elbow" curve in Figure E.11Figure E.1.

Furthermore, Figure E.22Figure E.2 and Figure E.33Figure E.3 show the improvement of the correlation and RMSD

as the number of clusters increases from 2 to 4. All six tests provided two ranges of optimal cluster values, the

first between 2 and 5 clusters and the second between 15 and 20 clusters. To simplify the analysis and because

the first range is not descriptive enough of the global sub-processes, the second range of clusters has been

selected. Specifically, the lower threshold, i.e. 15 clusters, has been retained to assess the global clustering.

Figure E.11. Selection of the optimal k (number of clusters from the k-means algorithm) as a function of the number of
Principal Components (PCs) to compute the distance of the k clusters for various k-selection methods.
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Figure E.22. Correlation (%) between the clusters’ representative wave distribution matrices obtained in Figure 1111Figure
11 for the three 1-Dimensional approaches of the significant wave height (Hs), wave peak period (Tp), and wave peak
direction (θp) and their respective grid-point’s wave distribution matrices.

Figure E.33. Relative Mean Absolute Difference (RMAD, unitless) between the clusters’ representative wave distribution
matrices obtained in Figure 1111Figure 11 for the three 1-Dimensional approaches of the significant wave height (Hs),
wave peak period (Tp), and wave peak direction (θp) and their respective grid-point’s wave distribution matrices.
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Appendix F : Considerations on the Directional Convention in Mode-based Classification

This section evaluates whether the circular nature of θp affects PCA and clustering results, especially near the

0°/360° boundary. To explore this, θp is redefined using a counterclockwise convention with the north at 90°

and east at 0°, instead of the standard clockwise system with north at 0°. This test allows for the assessment of

directional symmetry and any potential bias introduced at cardinal boundaries. Figure F.11Figure F.1 displays

the first three Empirical Orthogonal Functions (EOFs) and their associated Principal Component (PC) maps under

this modified convention in the same fashion as Figure 99Figure 9 for direct comparison with the original θp

analysis. Figure F.22Figure F.2 provides the clustering results for k=2,4 (corresponding to Figure 1111Figure 11)

and k=15 (corresponding to Figure 1212Figure 12). The comparison reveals that, although the EOF structures

and low-k clustering results remain generally consistent, noticeable differences appear at higher k values. In

particular, one cluster, cluster 1, located above cluster 14 in Figure 1212Figure 12, largely disappears under the

new convention, suggesting that the standard θp representation preserves more spatial distinction in the

directional field. These results confirm that while PCA remains stable for θp under both conventions, the original

clockwise-from-north system offers slightly more detailed discrimination in classification outcomes. A more

comprehensive assessment with even higher cluster counts or region-specific tests may help refine this insight

in future studies.

Figure F.11. First three Empirical Orthogonal Functions (EOFs, top-panels solid lines) and Principal Components (PCs) maps
(bottom-panels) of the peak wave direction (θp) using the East counterclockwise convention for the entire integrated 30-
year period. The dashed lines of the EOF figures show the normalised global mean θp distribution (θp normalised space
mass vector, see Section 3.3). The red lines underline the maxima to help compare the EOFs, solid for the EOF and dashed
for the mean. The title indicates whether the subfigure is an EOF or PC, the mode concerned, and the associated percentage
of the total variance values.
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Figure F.22. 30-year wave climate classification using 2, 4, and 15 clusters and 10 modes for the wave peak direction (θp)
using the East counterclockwise convention. Panels a-c are the clustering of the highest three Principal Components (PC1-3)
space. Panels d-f project the obtained cluster of the right-above PC-space points on the globe. Panels g-i provide the Wave
Distribution Matrices of each right-above cluster.
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