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The extreme wave height distribution in the Caribbean Sea is studied using a new method based on the maximum basin-wide aggregate of significant wave height, Hs, values per month. Besides, by means of the Self-Organizing Maps (SOM) technique, we identify coherent geographical regions with similar extreme wave height variability in the Caribbean Sea. Our findings revealed three primary regions: the eastern side with comparatively lower values, the central region with intermediate values, and the western side with the highest extreme wave heights. The study also examines the wind forcing conditions driving the spatial and temporal variability of the extreme waves, highlighting the influence of the low-pressure belt dynamics as well as the role played by the Caribbean Low-Level Jet (CLLJ) index, and the impact of cold fronts and hurricanes on extreme wave heights. Additionally, we explore the relationship between the extreme wave height distribution and climatic indices, such as the Atlantic Multidecadal Oscillation (AMO), the Atlantic Meridional Mode (AMM), the North Atlantic Oscillation (NAO) and the Oceanic Niño (ONI). The results reveal that the spatial distribution of extreme wave heights in the Caribbean Sea is mostly ruled by the influence of the CLLJ, with correlations close to 80%. In addition, significant correlations were observed between the extreme wave heights and the ENSO in the central Caribbean, as well as positive correlations between the extreme wave heights and NAO in the eastern part of the basin, and significant values of correlation with the negative phases of AMO and AMM in the whole basin. We show that, unlike conventional (or broadly used) methods deployed to identify extreme wave height, such as percentile 99th,  , our methodology allows a further assessment of the wind and climate forcing conditions associated with the extreme wave events. Although, we acknowledge that the method here presented has limitations to capture extreme wave height outliers, it has the advantage of being used concomitant with the wind forcing to develop multivariate wave climate analysis at basin scale, and could be extended to a more local scale when studying coastal processes.
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1 Introduction

Extreme events refer to meteorological and oceanographic conditions that are characterized by their infrequent occurrence, intense nature or severe impact (Beniston et al., 2007) and deviate significantly from normal conditions, exhibiting large magnitudes that are outside the typical range of occurrence. In the ocean, they can refer to a wide range of abrupt changes of physical variables related for instance to sea temperatures, sediment outpourings, occurrence of storms, tropical cyclones, hurricanes or storm surges among many others. Undoubtedly by definition of extreme, they have significant impacts on marine ecosystems as well as in conditioning the physical and morphological aspects of ocean and coastal areas (Morales-Márquez et al., 2018; Orejarena-Rondón et al., 2019; Cueto and Otero, 2020). Thus, understanding the role played by physical processes over ecosystems is necessary to address the social and ecological challenges posed by these events (Group et al., 2011; Bernal et al., 2016; Walz et al., 2021).

Extreme events are hardly predictable and can pose threats to the environment; additionally, the climate change exacerbates these hazards, leading to rising sea levels, increased air and sea surface temperatures, and inducing more extreme meteorological events (Martín et al., 2023). Despite its difficult predictability, their frequency and intensity can be linked to some well-known large scale climatic phenomena such as El Niño, Southern Oscillation (ENSO), the North Atlantic Oscillation (NAO), the Atlantic Multidecadal Oscillation and the Atlantic Meridional Mode (AMM) indices, as well as to global climate change (Field et al., 2018; Morales-Márquez et al., 2020), making their characterization more feasible.

The Caribbean Sea, is particularly vulnerable to extreme climate events (Devis-Morales et al., 2017; Sánchez-Núñez et al., 2019). This region faces threats such as tropical storms, hurricanes, droughts, heavy rainfall, and tsunamis (Marengo et al., 2009; Ramenzoni et al., 2020; Sayol et al., 2022). Indeed, the Caribbean has already experienced significant economic losses, with over 165 extreme climate events occurred between 1999 and 2008, causing more than $136 billion in damages (Report, U. N, 2010). In addition, recently, the United Nations Development Program reported that countries in the Caribbean suffer annual losses corresponding to an average of about 17% of their gross domestic product (GDP), according to the International Disaster Database EM-DAT (CRED, 2022) for the period between 1963-2017. For instance, one of the most severe cases occurred in 2017 in Dominica, where the losses reached 253% of GDP due to damages caused by the Hurricane Maria (UNDP, 2023).

The economic activities in the Caribbean heavily rely on natural resources, with tourism being the most prominent industry (Pérez et al., 2022). Although sectors such as mining and mineral extraction also contribute to the economic growth (Report, 5 March 2010). These industries are highly vulnerable to extreme meteorological events, particularly hurricanes. Moreover, over the past decade, there has been a notable rise in offshore oil and gas operations within the Colombian basin (Porto Solano et al., 2017), as well as an emerging trend that advocates for renewable energy sources like offshore wind energy (Rueda-Bayona et al., 2019). Therefore, highlighting the importance of comprehending extreme weather conditions to ensure the safe implementation and development of this sector.

In the Caribbean Sea, tropical storms, hurricanes, and cold fronts pose major threats to life, and coastal and offshore structures (Kaiser, 2008). Trade winds and cold fronts from the north influence the region’s climate patterns. Research has been conducted on hurricane behavior (Ortiz, 2009; Ortiz Royero, 2012; Montoya et al., 2018; Rey et al., 2021; Roldán et al., 2023), nonetheless, there is a need for more studies focusing on the characterization of extreme waves along the whole Caribbean Sea.

Obtaining accurate wave data in the Caribbean is challenging due to limited availability of buoys with long records, scattered observations from ships during extreme wave conditions, and few satellite data that rarely captures extreme events. To overcome these obstacles, numerical modeling is an important alternative for analyzing long-term climate trends. It helps compensate for the lack of comprehensive observational data and provides valuable insights about the spatial wave patterns and extreme events (Vinoth and Young, 2011; Ortiz et al., 2014; Orejarena-Rondón et al., 2023).

Based on this background, in this paper, we analyze the spatial and seasonal distribution of extreme waves. We examine the influence of various factors such as the low-pressure belt dynamics, cold fronts, and hurricanes on wave heights, and explore the relationship between the extreme wave height distribution and the modes of climate variability. The paper is structured as follows. In Section 2, the study area is described as well as the general wave dynamics. In Section 3, the data and method used and the description of extreme waves are presented. In Section 4, we show and discuss the results of the spatio-temporal variability of extreme waves and its connection with the main climatic modes. Finally, Section 4 concludes the work.




2 Study site: the Caribbean basin

The Caribbean Sea, located between 9°N – 21°N and 88°W–60°W, is a semi enclosed basin bordered by the Lesser Antilles at the east, the Greater Antilles at the north, the eastern portion of Central America at the west and the northern coasts of South America at the south (Figure 1). The wave dynamic in the basin is mainly controlled by the westward surface trade winds, which show a large seasonality, and a low-level wind core with higher speeds that gives origin to the Caribbean Low Level Jet (CLLJ) with a kernel located at the center of the basin (Poveda et al., 2006; Orfila et al., 2021; López-Álzate et al., 2022). Wind seasonality is associated with the meridional migration of the Inter Tropical Convergence Zone (ITCZ), which is also responsible for the path and penetration of transient features as cold fronts and tropical storms. From August to November, the ITCZ is located at a latitude between 10–12°N, and weaker southern trade winds reach the basin (see Figure S1 in Annex 1 for the seasonal characterization of monthly extreme wind regime in the basin), contributing to the formation and even strengthening of tropical convective storms that may reach hurricane category over the western Caribbean Sea (Andrade et al., 2013). In addition, based on local hydrology, two well-marked periods can be defined in the Caribbean region: the rainy season and the wet season. However, when considering the combined factors of wind, temperature, and rainfall, a more coherent seasonal classification emerges. This classification includes the wet season from September to November, the dry season from December to March, a transitional season from April to May, and the phenomenon known as the “Veranillo de San Juan” occurring from June to August (Moron et al., 2016). These seasons are mainly driven by the location of the ITCZ and the cycle of the American Monsoon System.




Figure 1 | Geographic sketch of the Caribbean Sea corresponding to the wave model domain with the background colour indicating the bathymetry depth (in m). Dash dotted box correspond to the hindcast model domain area and the color paths to the different hurricane paths between 1996 and 2017 crossing the area (data digitized from https://www.nhc.noaa.gov/data/tcr/, last access 05/31/2023). Toponyms cited in the main text appear in the figure.



In the Caribbean Sea, the threat of significant waves extends beyond just hurricanes, tropical storms, and cold fronts. While these weather phenomena do contribute to the hazardous wave conditions, it is important to note that even the trade winds can generate waves surpassing 6 m in height (Orejarena-Rondón et al., 2023). Therefore, a variety of factors, including trade winds, hurricanes, tropical storms, and cold fronts, collectively pose a significant risk to marine traffic, coastal areas, and offshore structures in the Caribbean Sea (Royero et al., 2014). As stated by Devis-Morales et al. (2017), reports of large waves are recorded in the marine-weather bulletins of the Colombian Oceanographic and Hydro-graphic Research Center during different months from those of the hurricane season.




3 Data and methods



3.1 Wave climate in the Caribbean Sea

For the time span from 1958 to 2017 with a time resolution of 6-hourly, a wave hindcast using the SWAN model was performed in the Caribbean basin (Orejarena-Rondón et al., 2021). The model encompassed a domain of 229 × 101 grid points, resulting in a spatial resolution of approximately 11.5 km. This domain covered the southern Caribbean Sea, stretching from the coast of Colombia and Venezuela to the Greater Antilles in the north, and from the Lesser Antilles in the east to the coasts of Panama and Nicaragua in the west (Figure 1).

The wind data used in this study were sourced from the JRA-55 database, which was specifically developed to provide a comprehensive dataset of atmospheric conditions from the latter half of the 20th century to the early 21st century. This database is widely recognized for its suitability in studying multidecadal variability and climate change (Kobayashi et al., 2015). It offers the highest overall spatial and temporal resolution, with wind data available at 3-hour intervals. For our specific region of interest, the wind data at a 10-m height (U10, V10) were available at a spatial resolution of approximately 60.8 km.

The growth of waves driven by wind was modeled using an exponential and nonlinear deep-water interaction approach based on the Webb-Resio-Tracy method (Booij et al., 1999). To represent the wave spectrum, a JONSWAP spectrum with a parameter value of γ = 1.37 was employed. For the directional resolution, 120 circle subdivisions were utilized, and the frequency range spanned from 0.05 to 0.585 Hz. To validate the simulated waves, a comparison was made with in-situ wave data collected by NOAA (https://www.ndbc.noaa.gov/) and DIMAR buoys situated in the Central Caribbean and along the continental coastline of the Colombian Caribbean. For further insights into the model parameters, interested readers can refer to Orejarena-Rondón et al. (2021) and Orejarena-Rondón et al. (2023).

To explore possible links with the ENSO, we use the ONI Index, which is a 3-month running average of the temperature anomaly difference from the average surface waters of the east central tropical Pacific (https://origin.cpc.ncep.noaa.gov/products/analysis_ monitoring/ensostuff/ONI _v5. php. Last access March 15, 2023). Regarding the connection of the extreme waves and the NAO, we analyze its monthly average value. This index is calculated by measuring the difference in surface sea-level pressure between the Subtropical (Azores) High and the Subpolar Low. To construct the NAO index, the daily difference of pressure is projected into the first mode of a Rotated Empirical Orthogonal Function (EOF) analysis using monthly mean 500 millibar height anomaly data from 1950 to 2000 over 0− 90°N latitude (Barnston and Livezey, 1987). For more details about the NAO index, you can refer to the website: https://www.cpc.ncep.noaa.gov/products/precip/CWlink/pna/norm.nao.mont hly.b5001.current.ascii.table, (Last access March 15, 2023). In addition, we study the link between the extreme waves and the AMO and the AMM indices. The AMO index is defined as an averaged representation of North Atlantic sea surface temperature anomalies, which have been filtered to remove trends and subjected to low-pass filtering, with the aim of characterizing low-frequency variations within the Atlantic, occurring over time frames exceeding a decade Enfield et al. (2001); Sutton and Hodson (2005). For more details, readers can consult NOAA webpage: https://psl.noaa.gov/data/timeseries/AMO/ (last access October 26, 2023). The AMM index describes the meridional variabilty in the tropical Atlantic Ocean and it is determined by using the Maximum Covariance Analysis (MCA) method on two variables: the sea surface temperature (SST) and the U10 and the V10 components. The trend and the seasonal cycle are removed, a three month running mean is applied to the data and a linear fit to the ENSO variability Kossin and Vimont (2007); Vimont and Kossin (2007). For additional information about the AMM index, readers can consult https://psl.noaa.gov/data/ti meseries/monthly/AMM/ (last access October 26, 2023). Finally, we use data of the Caribbean Low-Level Jet index to explain the principal driver of the ocean waves in the Caribbean Sea (Wang, 2007), the monthly dataset is available through the website http://iridl.ldeo.columbia.edu/SOURCES/.NOAA/.NCEP-NCAR/.CDAS-1/.MONTHLY/.Intrinsic/.PressureLevel/.u/P/925/VALUE/Y/12.5/17.5/RANGE/X/-80/-70/RANGE/[X/Y]average/dup/T/(1981)/(2010)/RANGE/[T]average/sub/-1/mul/DATA/-10/10/RANGE//name//cllji/def//long_name/(Caribbean%20Low%20Level%20Jet%20Index)/def/dup/index.html (last access October 27, 2023).




3.2 Selection of extreme wave events: maximum monthly aggregate Hs

To obtain reliable trends of extreme values, both long-term time-series and high frequency data are necessary (Young et al., 2011). Conventional methods, such as the monthly 99th-percentile of Significant Wave Height ( ), are considered robust estimations of extreme events according to the wave model frequency output. A first dataset of 60-years monthly extreme waves is built using this method, by selecting for each grid point the monthly Hs maximum.

In this study, we introduce a new method to estimate extreme events, aiming to capture not only the spatial and temporal distribution of extreme waves but also the underlying climatic factors driving these events.

The method is based on the selection of the basin-wide Hs field corresponding to the date in each month (tM) where the aggregate (or averaged) Hs value over the whole basin is maximum, defined as:

 

where   is the maximum aggregate value per month of the 6-hourly Hs snapshots. The size of the snapshot, represented by m and n, refers to the longitudinal and latitudinal axis of the basin, respectively, taking into account the Hs in each grid point for each t snapshot. By employing this method, we are able to identify the dates when the highest sum ( ) of Hs occurs taking into account the entire basin. Consequently, we can select the Hs during these dates (hereinafter  ) as well as determine the corresponding wave period, direction and the characteristics of the associated wind forcing.

Figure 2 illustrates an example of the resulting   and   for the month of July 1972. The upper panel depicts the spatial distribution of  , with each pixel representing the value for that specific month. In the lower panel, we observe the   for July 27th, 1972 at 12: 00 PM, corresponding to the maximum aggregate value   obtained using Equation 1. This second analysis allows us to associate the spatial distribution of the aggregate extreme waves with the corresponding wind pattern. It is worth noting that the first method (using   in each pixel) may yield unsmoothed patterns compared to the aggregation method. This discrepancy arises because the   method incorporates potentially different and distant times in the calculation. However, both methods yield maps that are remarkably similar in terms of spatial distribution and significant wave height values.




Figure 2 | Maximum value of significant wave height (units in m) obtained for the aggregation method   (top panel) for July 27th 1972 at 12:00 PM and for July 1972 according to the 99th-percentile   (lower panel). In the former, black arrows indicate direction of waves (only 1 on every 11 is displayed) and white arrows direction of winds (only 1 every 8 is displayed).






3.3 Self organizing maps

The SOM is an unsupervised learning neural network especially suited to extract nonlinear patterns in large datasets. SOM is a classification tool used to map high-dimensional input data onto a two-dimensional space, while preserving the topological relationships between the input data (Liu et al., 2006). The input data are clustered in units, called neural units or neurons. The number of units is the same as the size of the SOM array (or lattice), where each unit has a weight vector (mi) that has the number of components equal to the dimension of the input sample data.

The learning process algorithm consists of the presentation of the input data to the SOM during an iterative process. In each iteration, the unit with the weight vector that has the closest Euclidean distance to the presented input data is chosen as the winner unit, also known as the best matching unit (BMU),

	

The distance measure, denoted by || · ||, is used to calculate the similarity between the weight vector of the best matching unit (BMU) and the presented input data. The index ckrepresents the BMU’s position on the resulting neural network after the training process in relation to the input data k.

During the training iteration, the BMU, along with its neighboring units in the lattice, is updated by moving it towards the input sample. This update process takes into account the topological relationships among the units and is guided by a neighborhood function denoted as h. To improve computational efficiency, the batch version of the SOM algorithm, as described by Vesanto and Alhoniemi (2000), has been employed in this study. In this version, all the input data are used simultaneously to update the weight vectors, providing computational advantages over other methods (Liu and Weisberg, 2005),

	

where M is the size of the lattice,   is the mean of the n data vectors in group j, and hij(t) represents the neighborhood function value at unit j centred on the unit i. Regarding the neighborhood function h, the Epanechnikov neighborhood function has been selected. This choice is motivated by its superior performance in the batch training process, as evaluated through metrics such as the average quantization error (QE), the topological error (TE) and computational cost (Liu et al., 2006).

The SOM technique can be applied both in the spatial (Orfila et al., 2021; Cáceres-Euse et al., 2022) and temporal domains (Morales-Márquez et al., 2021; Torres et al., 2023), according to the objective of the study. Here we are interested in the regionalization of extreme events based on its temporal variability, so a temporal SOM analysis is performed on the two   and   datasets. The training process is performed using a data input of 720 snapshots (i.e., 60 years of monthly data), in order to characterize the temporal extreme wave features in the Caribbean. First, to avoid that any of the variables dominates over the others during the SOM training, the input data was normalized to variance equals one; latter, the shape of the lattice was defined using an hexagonal lattice structure and we use a random initialization. A 3 × 3 SOM lattice array (9 neurons) was selected after a sensitivity test to find the minimum QE and TE based on several SOM training runs (Hernández-Carrasco and Orfila, 2018; López-Álzate et al., 2022).




3.4 Wavelet Coherence analysis

The Wavelet Coherence (WTC) analysis helps us determine the correlation between two variables by identifying their dominant frequencies, phase relationships, and time periods in which their variations are linked to each other. In essence, it provides insights into how the two variables are connected over time. Mathematically, the WTC of two time series, denoted as xn and yn, is defined as:

	

where S is a smoothing operator, WX(s) and WY(s) are the wavelet transforms for each time series for a wavelet scale s, WXY(s) is the cross wavelet transform and s− 1 is used to convert to power density.     and   are the wavelet and cross wavelet powers (respectively). The argument expressed by arg   is the relative phase between the two time series in time-frequency space. This can be visualized as arrows, pointing right for in-phase, left for anti-phase, upward 90° when yn leads xn, and downward 90° when xn leads yn. The Wavelet Coherence (CWT) is a value between 0 (no correlation) and 1 (full correlation), providing information about the relative phase relationship between the two variables (see Torrence and Compo (1998), for more details).





4 Results and discussion



4.1 Extreme wave regionalization

Figure 3 displays the mean extreme significant wave height (a and c panels) and the regionalization resulting from the temporal SOM analysis (b and d panels). Each color in b and d panels corresponds to a SOM temporal pattern, representing regions with similar monthly temporal variability of extreme significant wave height. The top figures correspond to the   method, while the bottom figures correspond to the   method. The time series obtained from the SOM analysis in the time domain represent statistical representations of the monthly   and   values over a 60-year period (Figures 4, 5).




Figure 3 | Mean value of extreme wave heights in the basin (units in m) (A, C) and regionalization from the 3 × 3 SOM temporal analysis (B, D) where each region (R1–R9) corresponds to the output of a neuron. Top figures correspond to   and bottom figures to  .






Figure 4 | Left y-axis: box-plot of the monthly averaged temporal patterns of   (in m), from 1958 to 2018 of the SOM regions R1-R9. The red central line indicates the median, and the bottom and top edges of the blue box indicate the 25th and 75th percentiles, respectively. The whiskers extend to the most extreme data points not considered outliers, and the outliers are plotted individually using the ‘+’ marker symbol. Right y-axis: The gray area shows the number of hurricanes that have passed through each of the regions during each month during the period of 1996 and 2007, using the center coordinates of each hurricane and a minimum persistence of 3 days inside the region.






Figure 5 | Same as Figure 4 for  .



The mean patterns in the a and c panels (Figure 3) closely resemble the regions clustering in the b and d panels. For example, region R9 represents the core of maximum extreme significant wave height values (as shown in the a and c panels), and it is surrounded by successive regions with similar mean patterns (such as the rising tail at the eastern end of region R8). However, there are differences between the two methods. The   criterion allows for higher maximum values (differences around 1m) in terms of mean magnitude as compared to the aggregation method (  ). See Figure 6 where the temporal series were smoothed with a moving average of 3 monthly data in order to improve the visualization. It is important to note that higher mean values obtained with the   method are expected. This is because, with this method, we consider the monthly maximum value in each isolated pixel or location. In contrast, the   method spatially averages the extreme values, considering the overall behavior of wave heights across the entire basin, providing a representative value for the month based on the date with the highest cumulative sum. In terms of spatial distribution, the core of region R9 is more spread out to the east in the   method. Additionally, region R8 fully surrounds region R9, and as we move towards the eastern boundary, regions R2, R3, R6 and R7 show a more elongated longitudinal shapes for the   method.




Figure 6 | Temporal patterns of   (black line) and   (red line) in meters using the temporal SOMs technique from 1958 to 2017. Temporal series were smoothed with a moving average of 3 months in order to improve the display.



To complete the distribution of the 9 neurons, their temporal behavior is depicted in Figure 4   for and in Figure 5 for   using box-and-whisker diagrams. We can see that in both methods the value of the median is similar, following the same temporal variability in each of the regions. Notably, the main differences between the two extreme wave definitions can be observed in the outliers (red crosses), which are higher for the   method, particularly during the hurricane period from June to November and in regions R7-R9. However, it is important to mention that the medians are quite similar across all the regions defined by the neurons, indicating consistent variability. Other differences in terms of spread and skewness (seen in R7, R8, and R9) are primarily due to variations in spatial clustering.

Based on these findings, although the   method may slightly underestimate the outliers, we can confidently conclude that it is as effective as traditional statistical methods in capturing the spatial and temporal distribution of extreme waves. Its primary advantage lies in identifying the climatic forcing associated with these extreme events. Consequently, our analysis will continue focusing on the results obtained using the aggregation method.

The temporal analysis reveals three main regions in the Caribbean Sea: 1) The eastern side, represented by regions R1 and R4 around the Lesser Antilles, exhibits the lowest   values with a median (µ) around 1.5 m and a low variance with a standard deviation of σ < 0.25 m. 2) The central Caribbean, depicted by R5 and R7, shows intermediate   values with µ ranging around 2m and a σ close to 0.3 m. 3) The western side (84W - 72W), spanning from the north of Nicaragua to La Guajira peninsula, represented by R6, R8, and R9, exhibits the highest   values (up to 5 m), where µ ranges from 2.5 m to 3 m, with high variability, σ around 0.5 m (see Figure 4) coinciding with the wind intensity modulated by the displacement of the ITCZ (see Figure S1 in Supplementary Material). Regions R1, R2, R3 and R4 present a lower seasonality in the   coinciding with the position of the ITCZ.

The gradual increase in   along the longitudinal direction can be attributed to a large fetch. Beside the ocean swell entering the Caribbean through the Lesser Antilles, wind-waves have enough space to grow before reaching a stable condition or facing land (see Figure S1 in the Supplementary Material). Therefore, the Caribbean Sea can be seen as a slender basin, where the maximum wave conditions are constraint by the longitudinal displacement of the sea wave fronts.




4.2 Extreme wave distribution

To examine the spatial and seasonal distribution of extreme waves in the Caribbean, we depicted the   patterns (maximum aggregation significant wave height) between the years 2005 and 2010 (Figure 7). This period provides a general view of the   values showing the main extreme wave intra-annual variability, as well as the main events associated with extreme waves that we can find in the Caribbean Sea, such as hurricanes and cold fronts. For reference, a full catalogue of   data for the entire period from 1958 to 2017 can be found in Figures S2-S4 in the Supplementary Material.




Figure 7 | Monthly   distribution (in m) in the Caribbean Sea for the period of 2005 to 2010.



As depicted in Figure 7, the distribution of extreme waves in the Caribbean is mainly influenced by the dynamics of the low-pressure belt formed by the ITCZ during two distinct seasons: the dry and windy season from December to April, and the wet season from August to November. For a visualization of the monthly extreme wind distribution in the basin, refer to Figure S1 in the Supplementary Material.

During the windy season, the highest wave heights are observed in the westernmost region of the Caribbean, which is influenced by the fetch configuration extending across the entire basin. In addition, extreme wave heights during this season can be generated by the passage of cold fronts originated from the Northern Atlantic. According to the different areas identified in the regionalization (Figure 3, top right panel), extreme waves during December to March are around 4 m in region R9 slightly decrease during April and May. Outliers during this period could be attributable to the cold fronts events specifically in regions R5, R6, R8 and R9 (Figure 4). For instance, high values of   in front of Panama and Nicaragua, and covering the insular Colombian territories of San Andres and Providencia correspond to February 6th 2009. Event identified as a cold front traveling from the NW to the SW in the western Caribbean Sea according to the database provided by Borges et al. (2022). 1

While the monthly aggregate extreme wave pattern may not serve as a reliable indicator to identify cold fronts due to their occurrence during the windy season, it is relatively easy to identify hurricanes. In 2007, two hurricanes, Hurricane Dean and Hurricane Felix, passed through the Caribbean Sea. Hurricane Dean occurred on August 17th, and moved westward from Martinica and Santa Lucia impacting the central part of the basin. The highest wave height from Hurricane Dean was observed in the eastern basin between the Lesser Antilles and the coast of Venezuela. Hurricane Felix entered the Caribbean on September 1st, between Granada and Trinidad y Tobago (see Figure S5a), and reached the coast of Nicaragua on September 4th. The maximum wave heights from Hurricane Felix were easily identified on Aruba, extending northeastwards in a lenticular shape.

Moving on to 2008, four hurricanes - Dolly, Gustav, Omar, and Paloma - impacted the Caribbean Sea (Figure S5b). The extreme wave signatures of these hurricanes, which occurred in their respective months, can be seen in Figure 7. Hurricane Dolly was located south of Cuba on July 20th, Hurricane Omar traveled northeastwards between October 14th and 16th and Hurricane Paloma can be identified between Nicaragua and the insular Colombian territories of San Andrés and Providencia on November 6th. However, Hurricane Gustav, which was located east of Curac¸ao on July 15th and crossed Jamaica on the 29th, did not generate the most extreme waves for that month. This indicates that while both the cold fronts and the hurricanes can generate extreme waves associated with strong winds and flooding, which are important for coastal inundation, extreme waves in the Caribbean as a whole basin are mostly generated by the trade winds during the windy season.

Now, an example that highlights the limitations of this methodology is seen in 2009 (Figure 7). During this year, two hurricanes affected the area without leaving a clear signature on the extreme wave patterns for their respective months. Hurricane Erika, a tropical storm, entered the eastern side of the Caribbean basin from September 1st to 3rd, and hurricane Ida, a tropical depression, formed in the western side near San Andres on November 4th. It is important to note that this methodology gives more importance to events that occur over larger areas of the basin. Therefore, when we observe specific events like hurricanes based on the monthly maximum values (with   methodology), it indicates that these events were exceptionally intense and surpassed the cumulative effect of other smaller events at a large area.

In 2010, the Caribbean experienced the impact of four hurricanes: Karl, Mathew, Paula, and Thomas. Hurricane Mathew, initially a Tropical depression near Nicaragua, quickly intensified and turned into a Tropical storm, causing extreme waves along the coast of Panama on September 24th (Figure 7). Thomas entered the Caribbean on September 30th, moving parallel to the South America coasts and then turned northward on November 4th. Its influence on the wave patterns, represented by  , is clearly visible for both October and November 2010 in Figure 7. The extreme waves generated by Hurricane Karl from September 14th to 18th and Hurricane Paula from October 11th to 15th are not easily distinguishable due to the dominant effects of Hurricane Mathew and Hurricane Thomas, respectively.




4.3 Extreme waves and climatic modes of variability

In this section, we investigate the potential connections between the long-term distribution of extreme wave height ( ), with one local and four major climate patterns that influence the Caribbean region: CLLJ, NAO, ONI, AMO and AMM. Previous studies have extensively explored the impact of these indices on wave patterns in several locations (Vimont and Kossin, 2007; Izaguirre et al., 2010; Izaguirre et al., 2012; Appendini et al., 2015; Morales-Márquez et al., 2020). However, research focusing specifically on the wave climate in the Caribbean Sea is limited and mainly devoted to the analysis of average wave conditions, or to examining the effects of specific hurricanes that have affected the region, rather than examining the spatiotemporal distribution of extreme wave values.

We analyzed the correlation between these indices and the time series of extreme wave patterns ( ) as displayed in Figure 8. To determine the significance, we set a threshold of 90% confidence level using an adjusted t-value.




Figure 8 | Pearson correlation coefficient of   against (A) CLLJ, (B) ONI, (C) NAO, (D) AMO and (E) AMM indices. Locations with no significance with a 90% confidence interval are plotted with a dot.



	

where c is the correlation coefficient and N the length of the time series. If the value of t is equal to or greater than the critical t-value from the Student’s t-distribution with N − 2 degrees of freedom, then the correlation is considered statistically significant at a confidence level of 90%. These significance values are specific to this study because they are based on the data and time period analyzed.

Figure 8 shows the five spatial correlation patterns between the extreme wave field and the climatic indices. As can be observed, the CLLJ present a positive phase-high correlation with the extreme wave throughout the whole the Caribbean Sea (Figure 8A), as it was mentioned in Devis-Morales et al. (2017). This correlation pattern is similar to that shown previously when performing the regionalization of extreme waves in Figure 3, with a maximum value found for R9 (around the 85% in the western zone of the Caribbean). This index is local to the atmospheric dynamics in the Caribbean, which justifies its high correlation with  .

There is a significant positive correlation between extreme waves and the ONI in the central Caribbean Sea, while a negative correlation is observed in the eastern part of the region. In a specific band, the correlations are not statistically significant, as depicted in Figure 8B. This pattern closely resembles the averaged maximum  . Vega et al. (2020) investigated the impact of the ENSO on extreme waves using the peak over threshold method. They focused on 20 virtual buoys situated in the Caribbean Sea and selected extreme waves based on a 1% probability of exceedance (referred to as   in this study). Their findings revealed that 55% of the buoys exhibited larger average   values during La Niña, while 70% of the virtual buoys experienced the lowest averages during El Niño. The spatial pattern obtained by these researchers closely resembled the pattern obtained using the   method presented in this study.

Extreme waves and the NAO are positively related in the Caribbean, particularly to the east of 70° W. However, in the southwestern basin stretching from La Guajira to the coasts of Panama and Costa Rica, the correlations are not significant (Figure 8C). Nonetheless, as we move towards the western side at 12° N, the correlations become more noticeable. It is widely known that the NAO influences changes in the strength of the Atlantic’s subtropical high-pressure system. These changes impact the meridional pressure gradient towards the equator, affecting the strength of the trade winds and ultimately influencing the magnitude of extreme waves in the region (George and Saunders, 2001).

The link between the extreme waves in the Caribbean and the AMO and AMM climatic modes is negative in a generalized way throughout the basin. Correlation values of about 25% for both climatic indices in the nine different areas of the basin (Figures 8D, E) are observed. The AMO present the strongest correlation in the eastern part of the basin, in the southern part of the Lesser Antilles (Figure 8D); while the AMM index reaches the maximum correlation in the central part of the basin (Figure 8E). These indices provide information about the connection of the hurricane activity in the Atlantic Ocean Goldenberg et al. (2001) and the extreme events within the Caribbean. For instance, Klotzbach (2011) used landfall data to show that an increment in the number of cyclones can occur during La-Niña when a positive phase with AMO is observed.

According to Vega et al. (2020), a thorough analysis of climatic indices and the distribution of extreme waves is necessary. To understand how the seasonal and inter-annual variability of the ENSO influence the extreme wave height ( ), we applied the Wavelet Coherence (WTC) analysis (Grinsted et al., 2004). This analysis involves examining the monthly time series derived from SOM-temporal training (Figure 6) and the time series of the CLLJ,ONI, NAO, AMO or AMM indices.

The Wavelet power spectrum of the extreme wave (Figure 9) shows the annual cycle as the dominant temporal scale during the 60 years, and in a less degree, the intra-annual periodicity (around 6 months) in agreement with the results obtained by Vega et al. (2020). The intra-annual periodicity is generated by the action of cold front events and the seasonal variability of the wind (represented here by the CLLJ index), stronger winds during the dry period (from December to March) and midsummer drought (June to August) Bernal et al. (2016). The time scale associated to annual cycle obeys to the passages of hurricanes through the Caribbean (mainly from July to November), which regularly come from east (Atlantic Ocean).




Figure 9 | The Wavelet power spectrum of monthly   after the SOM temporal training (R1-R9) (first column) and the Wavelet Coherence between monthly   and monthly CLLJ index (second column), ONI index (third column), NAO index (fourth column), AMO index (fifth column) and AMM index (sixth column) values from 1958 to 2018. The solid black line represents the significance level of 5% when compared to random noise (red noise), while the lighter shaded area represents the cone of influence. The arrows show the phase relationship between the two series. Arrows pointing right indicate positive correlation, while arrows pointing left indicate anti-correlation. The contours represent the squared coherence of the wavelet analysis.



From the coherence wavelet analysis, it is observed that the annual and semi-annual, as well as the long-term variability, of extreme waves in the nine regions are dominated by the CLLJ index, such that it can be seen as the main driver of the extreme wave regimes in the Caribbean Sea (see the first and the second column of the Figure 9). This result is consistent with the findings presented in section 4.2 (Extreme Wave Distribution), since the extreme waves are modulated by fetch given the slender shape of the basin along the longitudinal axis. In addition to the influence of the local effects through the CLLJ, teleconnections beyond the Caribbean Sea domain (based on AMO and AMM) are observed by means of a significant annual correlation value with AMO and AMM in the entire basin from 1996 onwards.

Furthermore, we can observe long-term oscillations in the extreme waves occurring in the Caribbean Sea. Specifically, in the eastern part of the basin, there is a notable oscillation with a characteristic period of approximately 6 to 8 years. This oscillation was observed between 1966 and 1986, as well as between 2000 and 2018, and it is strongly influenced by the positive phase of the CLLJ and NAO and a negative of AMM (refer to Figure 9, panels R1, R4, and R7). Since this region of the Caribbean Sea is the closest to the Atlantic Ocean, it is particularly susceptible to the various dynamics occurring there. Additionally, both the eastern part of the basin, and to a lesser extent, the entire Caribbean Sea, exhibit another oscillation with a period of 2 to 4 years. This oscillation was observed during the periods of 1960-1970 and 1975-1982 and is associated with the positive phase of the ONI, and from 1986 onwards linked to negative phases of AMO and AMM.

In the central and western regions of the Caribbean basin (Figure 9, panels R2, R3, R5, R6, R8, and R9), a similar behavior is observed in terms of long-term oscillations, although with some variations. Across the entire time period from 1958 to 2018, there is a prolonged oscillation lasting approximately 10 to 15 years. Both the NAO and the ONI have effects on the extreme wave patterns during this oscillation. However, the NAO’s effect is more pronounced in the last decade. This phenomenon is particularly pronounced in regions R6 and R9 (Figure 9, panels R6 and R9), located in the western part of the basin. In these regions, extreme waves are primarily driven by wind patterns and the distance over which the wind can blow (fetch). Additionally, there is a shorter oscillation lasting between 2 to 5 years, observed specifically in Figure 9, panels R3, R6, and R9, during the period 1993-2000. This shorter oscillation is clearly associated with the positive phase of the ONI, the negative phases of AMO and AMM and the prevailing winds in the western part of the basin.

In the central part of the Caribbean Sea, represented by regions R5 and R8, a distinct oscillation with a period of 6 to 8 years is evident between 1960 and 1996 (see Figure 9, panels R5 and R8). This particular oscillation is linked to the positive phase with the ONI index and to the negative phase of the AMO index.





5 Conclusions

Using a 60-year wave simulation, we conducted an analysis of the spatial and temporal variations of monthly extreme waves in the Caribbean Sea. The main results from this work can be summarized as follows:

	We have developed a novel method to analyze extreme waves, based on monthly extreme wave events from 1958 to 2018 in the Caribbean Sea. This method involves identifying the maximum wave height (denoted as  ) in the basin for each calendar month. By determining the specific date when the aggregate value of significant wave height reaches its peak during that month, we can extract the corresponding snapshot of the significant wave height (  ). In addition to  , we also gather information about the wind conditions at the same moment, as well as the wave peak period and direction. These parameters are derived directly from the original wave hindcast data, allowing us to establish a comprehensive characterization of the extreme wave events.

	By comparing the monthly maximum wave height ( ) with the 99th percentile of significant wave height ( ), we observed similar spatial patterns in the Caribbean Sea using a SOM clustering technique. It is important to note that while the proposed method based on   may not capture extreme outlying values accounted for in the 99th percentile, it does exhibit a suitability to accurately capture the temporal variations of extreme waves.

	Extreme waves in the Caribbean Sea are primarily influenced by the location and intensity of the northeast trade winds. In addition, the variability of extreme waves undergoes significant changes during specific periods. From June to November, the presence of hurricanes in the southern Caribbean greatly impacts the wave conditions. While in February and March, the area is affected by cold fronts, which also have a notable influence on the extreme wave patterns in the region.

	The   time series allows a proper identification of the different hurricanes affecting the Caribbean Sea. Median values of extreme waves show a large seasonality on extreme waves in the central and western side of the Caribbean, which corresponds to the movement of the Intertropical Convergence Zone (ITCZ). When using the aggregation method, extreme wave outliers are primarily associated with the occurrence of cold fronts during February and March, as well as hurricanes during the period from June to November.

	The North Atlantic Oscillation (NAO) is a large-scale atmospheric circulation pattern that fluctuates between positive and negative phases. During the positive phase of NAO, stronger winds prevail, leading to the generation of more powerful waves that impact the Lesser Antilles with greater force in the Caribbean region. In contrast, during the negative phase of the NAO, the intensity of the wind decreases, resulting in less intense wave activity. In this regards, our results show that   is positively correlated with NAO index, specially in the eastern part of the Caribbean Sea. However, in the southern and Caribbean Panama bight region, no significant correlation has been observed between   and the NAO index.

	Regarding ENSO, during El Niño conditions, there is usually a decrease in the intensity of the trade winds that can cause a decrease in the intensity of the winds in the Caribbean, which can in turn reduce Hs. On the other hand, during La Niña episode a strengthening of the trade winds is usually experienced in the Pacific and therefore an increase in the intensity of the winds in the Caribbean, which can increase the Hs. Our results show spatially positive/negative correlations in the eastern and western areas of the Caribbean. The CWT between   and ENSO index at the different identified regions provide new insights to understand the behaviour of extreme waves in the different regions of the Caribbean Sea.

	The extreme waves in the Caribbean are correlated with the negative phase of the AMO and AMM indices throughout the basin, with maximum values in the eastern part of the basin for the AMO and in the central part for the AMM. In addition, both indices have an effect on the annual and semi-annual variability of extreme waves in the Caribbean Sea.

	The use of   in extreme wave studies, particularly in the context of wave propagation towards coastal regions, can have a substantial value, since this approach enables the integration of wind associated with extreme waves (swell), thereby enhancing the accuracy of results in wave propagation analysis. The combination of maximum wave height and wind data provides a comprehensive understanding of the characteristics and behavior of extreme waves. Furthermore, this method has potential applications in statistical analyses related to extreme wave events. By utilizing  , it becomes possible to identify areas that require protection or mitigation measures based on past events.
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