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Eastern boundary upwelling systems (EBUS) host very productive marine ecosystems that provide services to many surrounding countries. The impact of global warming on their functioning is debated due to limited long-term observations, climate model uncertainties, and significant natural variability. This study utilizes the usefulness of a machine learning technique to document long-term variability in upwelling systems from 1993 to 2019, focusing on high-frequency synoptic upwelling events. Because the latter are modulated by the general atmospheric and oceanic circulation, it is hypothesized that changes in their statistics can reflect fluctuations and provide insights into the long-term variability of EBUS. A two-step approach using Self-Organizing Maps (SOM) and Hierarchical Agglomerative Clustering (HAC) algorithms was employed. These algorithms were applied to sets of upwelling events to characterize signatures in sea-level pressure, meridional wind, shortwave radiation, sea-surface temperature (SST), and Ekman pumping based on dominant spatial patterns. Results indicated that the dominant spatial pattern, accounting for 56%-75% of total variance, representing the seasonal pattern, due to the marked seasonality in along-shore wind activity. Findings showed that, except for the Canary-Iberian region, upwelling events have become longer in spring and more intense in summer. Southern Hemisphere systems (Humboldt and Benguela) had a higher occurrence of upwelling events in summer (up to 0.022 Events/km²) compared to spring (<0.016 Events/km²), contrasting with Northern Hemisphere systems (<0.012 Events/km²). Furthermore, long-term changes in dominant spatial patterns were examined by dividing the time period in approximately two equally periods, to compare past changes (1993-2006) with relatively new changes (2007-2019), revealing shifts in key variables. These included poleward shifts in subtropical high-pressure systems (SHPS), increased upwelling-favorable winds, and SST drops towards higher latitudes. The Humboldt Current System (HumCS) exhibited a distinctive spring-to-summer pattern, with mid-latitude meridional wind weakening and concurrent SST decreases. Finally, a comparison of upwelling centers within EBUS, focusing on changes in pressure and temperature gradients, meridional wind, mixed-layer depth, zonal Ekman transport, and Ekman pumping, found no evidence supporting Bakun’s hypothesis. Temporal changes in these metrics varied within and across EBUS, suggesting differential impacts and responses in different locations.
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1 Introduction

The Eastern Boundary Upwelling Systems (EBUS) span less than 1% of the ocean surface, yet they account for up to 20% of global fisheries catches (FAO, 2022). Understanding the dynamics and potential changes in these highly productive coastal ecosystems is crucial to the well-being of the communities inhabiting these regions (Large and Danabasoglu, 2006). The term “upwelling” refers to the transport of water from the deeper ocean to the surface. This water tends to be cold and nutrient-rich, supporting the high productivity in these regions (Boje and Tomczak, 2012; Kämpf and Chapman, 2016).

Coastal upwelling can be induced by the interaction among equatorward-wind frictional forces on the surface of the ocean (i.e., wind stress), Earth’s rotation (i.e., Coriolis force), and coastal topography, leading to an offshore transport of surface waters, commonly known as Ekman transport (Brink, 1983), which is replaced by upwelling of deeper waters (e.g., Ekman, 1905; Stewart, 2008; Kämpf and Chapman, 2016; Montecino and Lange, 2009). The spatial changes in the rotation of the wind stress (i.e., wind stress curl) can also produce convergences and divergences through variability in Ekman transport magnitude and direction, leading to a vertical motion called Ekman pumping (e.g., Ekman, 1905; Gaube et al., 2015; Sverdrup, 1947). Both drivers of upwelling are common in the Humboldt, California, Benguela, and Canarias Current Systems, where they strongly influence nutrient availability and phytoplankton productivity and composition, which are key to structuring and sustaining marine food webs.

The synoptic temporal scale is predominant in upwelling systems, caused by wind variability from low pressure systems (i.e., storms) and internal atmospheric waves (Renault et al., 2009; Aguirre et al., 2021). This in turn results in periods of intensification and relaxation of coastal upwelling that typically last 3-10 days (e.g., Aguirre et al., 2019; García-Reyes and Largier, 2012; Lamont et al., 2018; Renault et al., 2009). Furthermore, displacements of subtropical high-pressure systems regulate wind location and intensity at seasonal scales (García-Reyes et al., 2013). Lastly at interannual and decadal scales, coastal upwelling may vary due to oscillations such as the El Niño Southern Oscillation (ENSO) and Pacific Decadal Oscillation (PDO). These oscillations can affect equatorward (upwelling-favorable) winds and the pycnocline depth through both atmospheric and oceanic teleconnections, thereby modulating the supply of nutrients to the surface (Jacox et al., 2015; Espinoza-Morriberón et al., 2017).

Climate change impacts on coastal upwelling have been studied in the four main upwelling systems around the world (e.g., Bakun et al., 2015; Bograd et al., 2023; Sydeman et al., 2014; Wang et al., 2015). However, there is no absolute consensus on how climate change and climate variability have impacted EBUS over the past decades, especially because the time scales are interconnected and upwelling synoptic variability may be changing in terms of intensity and duration due to climate change (Abrahams et al., 2021).

In the early 1990’s, it was hypothesized that climate change would intensify coastal upwelling through an intensification of the land-ocean gradients in air temperature and sea-level pressure, which would cause intensification of alongshore equatorward winds in EBUS regions (Bakun, 1990). This proposition was based on long-term shipboard wind observations, which were later shown to be biased compared to coastal winds (Tokinaga and Xie, 2011; Belmadani et al., 2014). This bias, may yield differing statistics on the intensity, frequency, and duration of upwelling events depending on the length of the available time series, seasonality, latitude, and the source of data and model simulations (e.g., Abrahams et al., 2021; García-Reyes et al., 2015; Small et al., 2015). The fate of the EBUS in a warmer climate also largely depends on non-linearities in the coastal upwelling dynamics (Gruber et al., 2011; Chang et al., 2023). Observations and numerical modeling studies exhibit inconsistent trends in wind stress and sea surface temperature (SST) among EBUS over recent decades, with increasing trends observed only in nearshore waters of the Benguela, northern Humboldt (Peru), Canary, and northern California EBUS (Varela et al., 2015, 2018). Similarly, wind stress increases towards the poles only in the California, Benguela, and Humboldt EBUS (Sydeman et al., 2014), with observational data showing higher trends in the magnitude compared to model outputs (Taboada et al., 2019).

Recent studies have assessed potential changes in upwelling-favorable winds, atmospheric pressure gradients, and migration of subtropical-high systems in EBUS under climate-model projections (Rykaczewski et al., 2015; Wang et al., 2015; Aguirre et al., 2019; Oyarzún and Brierley, 2019; Chamorro et al., 2021). Results from the Coupled Model Intercomparison Project (CMIP) suggest that climate change will impact coastal upwelling within EBUS due to a poleward shift of subtropical jet streams (Frierson et al., 2007; Lu et al., 2007; Hu et al., 2013; Grise et al., 2018). Consequently, Hadley cells are expected to expand (Grise and Davis, 2020; Xian et al., 2021) and produce a poleward displacement of subtropical highs (García-Reyes et al., 2013; Wang et al., 2015). However, this expansion may occur differently in the two hemispheres, with varying trends depending on the metrics used to assess it (Xian et al., 2021). This poleward migration would induce long-term changes in the intensity, location, and seasonality of upwelling-favorable winds, with a general intensification (relaxation) of these winds toward the equator (poles) during the spring-summer seasons in the mid-latitudes (Goubanova et al., 2011; Belmadani et al., 2014; Rykaczewski et al., 2015; Wang et al., 2015; Brady et al., 2017), while the changes in the EBUS within the tropics are more uncertain.

Due to the non-linear nature of coastal upwelling dynamics (Estrade et al., 2008; Gruber et al., 2011) and the existence of natural variability embedded in their forcings, inferring changes in the circulation of these systems has been challenging. Linear techniques such as trend analysis and empirical orthogonal functions (EOFs) are usually employed to gain insights into changes in ocean and atmospheric circulation, but they have inherent limitations for analyzing changes in non-stationary signals that deviate from Gaussianity (Hannachi et al., 2006). New approaches based on Artificial Intelligence techniques are offering a more appropriate framework for addressing complex non-linear problems with high dimensionality, such as coastal upwelling. They may allow us to gain better insights into circulation changes across systems while considering peculiarities in geographical settings and the balance between remote and local drivers of upwelling.

Here we thus propose to explore changes in ocean and atmospheric conditions associated with coastal upwelling across the four major EBUS over the last three decades using the Self-Organized Map and a Hierarchical Clustering algorithm, combining observational and modeling products. Our aim is to confirm or refute established scientific knowledge about changes in upwelling due to long-term variability across the four major EBUS. The paper is organized into four sections, which describe data sources, data-analysis methods, and model’s performance assessment (Section 2); present the main spatial patterns variability and assess differences among upwelling centers (Section 3). Finally, Section 4, summarizes and discusses these results.




2 Materials and methods



2.1 Study areas

We focused on the four main EBUS worldwide, namely the California Current System (CalCS) on the west coast of North America (130-110°W, 20-50°N), the Humboldt Current System (HumCS) on the west coast of South America (85-65°W, 0-54°S), the Benguela Current System (BenCS) on the southwest coast of Africa (5-25°E, 10-40°S), and the Canary-Iberian Peninsula Current System (C-ICS) spanning the northwestern of Africa and the Iberian Peninsula (25-5°W, 15-45°N) (Figure 1). These regions are similar in their extent to those described by Wang et al. (2015) and Thiel et al. (2007) for the HumCS.




Figure 1 | Geographic locations and bathymetry for the four EBUS considered in this study: (A) Humboldt (HumCS), (B) Benguela (BenCS), (C) California (CanCS), (D) Canary-Iberian (C-ICS). Bathymetry data retrieved from GEBCO (Dorschel et al., 2022).



Since these systems span wide latitudinal ranges, they are spatially heterogeneous environments (Kämpf and Chapman, 2016). At higher latitudes (25-40°N/S), upwelling is characterized by a marked seasonal cycle beginning in spring and extending through summer and early fall, with dominant downwelling-favorable winds in winter. The length of the upwelling season increases as latitude decreases, becoming a year-round process in tropical and subtropical latitudes (0-23.5°N/S) (García-Reyes et al., 2015; Wang et al., 2015).

To better understand and quantify upwelling variability within each EBUS, we selected the most recognized upwelling centers from the literature for each system based on productivity and coastal upwelling intensity, following Kämpf and Chapman (2016). For the HumCS, we chose Chimbote (CHI), Callao (CAL) Mejillones (MEJ), Coquimbo (COQ), Valparaíso (VAL), and Concepción (CON). For the BenCS, we selected Cape Frio (CFR), Walvis Bay (WAL), Luderitz (LUD), Namaqualand (NAM), Santa Elena Bay (SEB), and Cape Town (CTO). For the CalCS, we chose Point. Conception (PCO), Point. Año Nuevo (PAN), Point. Reyes (PRE), and Point. Arena (PAR). Finally, for the C-ICS we selected Cape Blanc (BLA), Cape Juby (JUB), Beddouza (BED), Saint Vincent (SVI), and Cabos Silleira (CSI). The main features of these upwelling centers are shown in Table 1.


Table 1 | Upwelling centers characterized in terms of their Location, Depth, Coastline orientation, Distance to the Equator and Distance to grid point.






2.2 Data sources and processing

Oceanographic and atmospheric data were obtained from various sources, including in situ observations, model simulations, and reanalysis products. An exhaustive description of the data used is presented in Table 2. Additionally, the meridional and zonal components of Ekman transport (Ev, Et), as well as Ekman pumping (Ep), were derived from the wind time series using Equations 1-3 as follows (cf. Ekman, 1905; Jacox et al., 2018; Stewart, 2008):


Table 2 | Data sources and details on the variables used for this study.









Where f is the Coriolis parameter,   is a reference density,   is the Coriolis parameter gradient, which is negligible since latitudinal variations are not significant. The wind stress in the eastward and northward directions are represented by   and  , respectively. The wind curl is   and,   represents the density at the base of the Ekman layer, obtained using Equation A16 (Supplementary Annex A).

Since spatial resolution varies among products, from 0.01 to 0.25 degrees (Table 2), all products were interpolated to a regular 0.25°x 0.25° grid using a conservative normalized method (Hill et al., 2004; Chen et al., 2016) to avoid shifting and sharp gradient issues, thereby ensuring conformity to a standardized reference grid. This method has been proven to uphold maximum and minimum values, maintaining the integrity of range and central tendency metrics (Hurrell et al., 2013), and is guaranteed to preserve the synoptic (2-6 days) and spatial scales (25-100km) of coastal upwelling (Aguirre et al., 2019).

Ocean model simulations (* in Table 2) were validated within the top 500m at seasonal scale using data from ARGO profiles. Temperature and salinity simulations in each upwelling system were compared to ARGO data using Taylor diagrams. Besides, oxygen and chlorophyll simulations were validated using data from ARGO’s biogeochemical profiles using data from the top 300m for oxygen, and using Ocean Global Colour satellite products for 1997-2019 in the case of chlorophyll (Groom et al., 2019). Additionally, data from oceanographic cruises conducted by IFOP (Instituto de Fomento Pesquero, Chile) were used for validations nearshore where ARGO profiles are scarce. The validation was conducted for all products, including satellite data (sea surface temperature, sea surface height, chlorophyll) and model outcomes (oxygen and chlorophyll), therefore there is no redundancy in assessment. Detailed results of this validation can be found at https://github.com/dfbustosus/Validation_EBUS_DavidBU (Supplementary Table B1 Supplementary Annex B).

For the following analysis we selected 15 variables: surface meridional and zonal wind (Mw always positive equatorward and Zw, respectively), sea level pressure (SLP), air temperature (Ta), shortwave radiation (Qsw), surface currents (u,v), sea surface temperature (SST), sea surface salinity (SSS), sea surface oxygen (SSO), sea surface chlorophyll (SSC), sea surface height (SSH), mixed layer depth (MLD), wind stress magnitude and wind curl. These variables were selected based on previous studies analyzing long-term variations in the circulation in in EBUS both in terms of physical (e.g., Bograd et al., 2023; Wang et al., 2015; Rykaczewski et al., 2015; Aguirre et al., 2012; Alvarez et al., 2008) and biological (Chavez and Messié, 2009; Andrews and Hutchings, 1980) conditions.




2.3 Data analysis



2.3.1 Identification of upwelling events

One of the distinctive features of EBUS oceanic and atmospheric circulation is its variability spanning periods from one day to several months. This variability is characterized by the occurrence of short-lived upwelling events with a marked seasonality. Changes in environmental forcings within EBUS lead to variations in this high-frequency variability, which motivates the analysis in the context of our study. Although there are different ways to identify upwelling events such as cross-shore SST differences (Benazzouz et al., 2014) and the vertical water transport rate along the coastline (CUTI) (Jacox et al., 2018; Bograd et al., 2023). All existing indices consider three important factors: SST, wind speed and the relative alignment of wind direction respect the coastline. Thus, these factors were used as key indicators to identify upwelling events through the upwelling index proposed by Fielding and Davis (1989):



Where μ and θ represent the wind speed (ms-1) and direction (degrees), and α indicates the coastline orientation relative to the north. An upwelling event was identified based on three criteria: (1) UI > 0, (2) SST below a 25th percentile threshold (Schlegel and Smit, 2018) using the SST daily climatology for each season, and (3) persistence of these conditions for more than 3 consecutive days. Different upwelling metrics were obtained for each system, including frequency of occurrence (Events/km2), mean intensity and duration. Frequency of occurrence indicates the number of events occurring per grid point, calculated by dividing the total number of events by the spatial extent in km2. Mean intensity refers to the average temperature drop relative to the daily climatological baseline during an upwelling event, while duration measures the span in days of an upwelling event (Abrahams et al., 2021). Figure 2 illustrates an example for the HumCS.




Figure 2 | Upwelling events identification method for node at 73°W, 16.5°S (yellow cross in a). (A) represents the peak SST anomaly (°C) during an upwelling event spanning 23-31 December 1998. The second column (B) displays the SST time series (black), SST climatology (blue), and 25th percentile threshold (green) during the event. (C) Upwelling Index (UI) computed with Equation 4. Red shading marks the duration of the identified upwelling event.






2.3.2 Self-organized map

The SOM is an Artificial Intelligence technique based on competitive learning (Kohonen and Somervuo, 1998; Vesanto and Alhoniemi, 2000) that has found application in oceanographic and atmospheric studies (e.g., Le Bars et al., 2016; Sonnewald et al., 2021) to characterize circulation patterns resulting from non-linear processes in multidimensional data (Qian et al., 2016). This method offers distinct advantages over linear approaches such as EOFs (North, 1984) and K-means (Dreyfus et al., 2005) for three primary reasons: first, it handles non-linearities inherent in biophysical processes not assuming normal data distributions; second, it preserves topology to maintain spatial relationships; and third, demonstrates robustness to outliers (Liu and Weisberg, 2011). Despite these advantages, however, the application of this technique to analyze the dynamics of upwelling within EBUS over an extended period remains unexplored.

The SOM is used to obtain the main patterns of spatial variability (i.e. clusters) within each EBUS separately, along with the dates of upwelling events. For this purpose, we selected 15 variables (Section 2.3.1) considering solely unique dates when upwelling events occurring in any of the nodes along the coast for each EBUS by two reasons: first, upwelling events are the primary focus, and second, incorporating other data would introduce noise into the algorithm’s learning. Figure 3 provides a schematic overview of the multivariate SOM technique. All the data (k) for each time (t) are flattened into vectors (xt) that contain only ocean nodes. These vectors form a 2D array, which is used first to find the best network configuration (rectangular 2-D maps, which represents the optimal configuration for the model’s learning process) and second to update the weights (W) of the SOM neural network with competitive learning. The best network configuration (2-D map neurons, Figure 3) ensures an efficient learning process (see Supplementary Annex C Supplementary Figure S1). This optimal configuration is identified using two metrics following Jebri et al. (2022): the quantization error (QE) and topological error (TE). While QE provides a reliable indicator of potentially critical changes in spatial structure over time (Sun, 2000), TE allows quantifying geometric preservation of the dominant structures, which implies understanding the quality of the map’s representation and organization of the input data (Gibson et al., 2017). These two metrics are widely used to validate the performance of the SOM algorithm (Liu et al., 2006; Naik and Shah, 2014).




Figure 3 | Schematic of the SOM technique adapted from Liu and Weisberg (2011). The 3-D data time series (lat,lon,time) for each variable (k) (left panel) are rearranged in a 2D array that includes all variables considered, where each time step is reshaped as a row vector (xt) (middle panel, Data array). For each time step (t), the row vector is used to update the weights (W) of the SOM network with competitive learning. The iterative process is also known as self-organizing (Right panel, Self-organizing). The outcome clusters from SOM neurons (blue circles) are reshaped back into characteristic patterns. Each neuron contains different instances with similar variability, basal structure, etc., and these can be associated as clusters of data.



During the learning process the algorithm weights are calibrated based on QE and TE metrics. The SOM outputs an mxr list of clusters, each containing times associated with similar spatio-temporal variability. These clusters are reshaped back into characteristic patterns by averaging maps for all times associated to the cluster. These patterns reveal dynamic signals of dominant upwelling behavior, distinct from those derived from mean nor linear trend analyses, which are often smooth masking the large variability in the process of interest (Kohonen and Somervuo, 1998; Jouini et al., 2016), potentially offering new insights into circulation changes. Further details on SOM parametrization are provided in Supplementary Material, Supplementary Annex C (Supplementary Table C1).




2.3.3 Hierarchical clustering algorithm

The SOM algorithm yields between 12 and 16 spatial patterns of variability, many of which exhibit similar spatial structure. To simplify these results and derive the final spatial patterns for each EBUS, we implemented the Hierarchical Clustering Algorithm (HAC) technique (Jain et al., 1999). HAC is an unsupervised machine learning method known for its ability to uncover patterns and relationships within complex datasets (Saraceno et al., 2006; Li et al., 2020; Liu et al., 2021). This technique clusters data based on similarities and dissimilarities using a distance metric and grouping criterion.

We applied HAC to reduce the number of clusters generated by the SOM, resulting in the final patterns of variability. Similarity between objects was assessed using the Euclidean distance metric (Nielsen and Nielsen, 2016) and clustering was performed based on the Ward criterion (Murtagh and Legendre, 2014). The dendrogram helped identify a small number of cohesive groups. Figure 4 illustrates the integration of SOM and HAC. For each resultant cluster, we counted the number of associated days, yielding the number of days with upwelling events related to this pattern (section 3.1). Subsequently, temporal averages are computed to obtain the mean spatial structure linked to each cluster (section 3.2). These averages can be calculated for the entire period or for shorter intervals (see section 2.3.4) to observe the evolution of spatial structures (sections 3.3 and 3.4).




Figure 4 | Illustration of two-level abstraction clustering algorithm SOM - Hierarchical Clustering. Daily tag/cluster results from multivariate SOM (see Figure 3) are used to provide the input (middle panels, Self-organizing Tag) to the second level of abstraction level using the clustering technique (right panel, Hierarchical Clustering (HAC).






2.3.4 Long-term analysis

Yearly time series spanning from 1993 to 2019 were constructed for the number of days with upwelling occurrences, derived from the principal spatio-temporal patterns of variability obtained for each EBUS and season (i.e., spring and summer). This approach allows for comparison of the variability explained by each pattern. Spatial averages of SLP, meridional wind component (Mw), Qsw, SST, and Ep were calculated from the dominant spatial pattern (see Section 2.2). These averages help identify similarities and differences across each EBUS and season analyzed.

Certain variables (highlighted in blue, Table 2) were excluded from the primary analysis but are presented in Supplementary Annex F due to the following reasons. First, surface chlorophyll and oxygen were omitted due to incomplete representation nearshore accuracy in the hindcast product (Fransner et al., 2020). Secondly, wind stress and curl are used for Ek and Ep calculations respectively (Section 2.2), SSS lacks notable variability, and its exclusion makes it possible to avert Simpson’s paradox in the analysis (Wagner, 1982). Ocean currents were not included as they derive from atmospheric and ocean factors already included in the analysis. Finally, SSH was omitted to prevent redundancy, as it reflects the influence of atmospheric pressure, surface wind, SST, and SSS (Stewart, 2008). However, all variables are included because this approach, unlike multivariate techniques such as EOFs, accounts for nonlinear interactions between variables. This method had shown benefits in providing a more accurate representation of highly variable systems (Lachkar and Gruber, 2012; Nakaoka et al., 2013). Nonetheless, its implementation in other studies has been focused narrowly on discerning patterns within a limited subset of variables (Richardson et al., 2003; Liu and Weisberg, 2011).

To quantify the long-term changes of the dominant spatial patterns obtained for each EBUS, we compared approximately two different decades by dividing the time period in past changes (1993-2006) and relatively new changes (2007-2019), based on the data availability. Spatial anomalies, computed by contrasting these two periods, were used to assess the magnitude of variations using SLP, the meridional wind component, Qsw, SST, zonal Ekman transport (Ek), mixed layer depth (MLD), and Ep.

Furthermore, to assess long term temporal changes in specific areas with strong upwelling, i.e., upwelling centers (Table 1), we conducted paired t-tests with Bonferroni correction using the dominant spatial pattern and the two selected periods (1993-2006 and 2007-2019). The Bonferroni correction (Perneger, 1998) adjusts the significance level of hypothesis tests to account for multiple comparisons simultaneously, thereby reducing the risk of false positives (Type I error) by setting a stricter p-value threshold for each individual test (Napierala, 2012). A significance level of 5% was applied. This approach allows quantification of the extent of change in each center, while controlling for potential confounding effects of the unique geographical location and physical conditions at each site. By accounting for these differences, the t-statistic enables isolation and fair comparison of variability magnitude. Selected variables such as SST, Mw, QST and Ep were used in the comparisons. Additionally, Pressure Gradient (PG) and Temperature Gradient (TG) were calculated as differences between the closest three ocean-to-land grid points at each latitude following the methodology proposed by Jacox et al. (2018) to test the Bakun hypothesis. Mixed-layer depth was also included in the analysis to assess potential changes in the oceanic vertical structure.




2.3.5 Subtropical high detection center

To assess the role of latitudinal shifts in the subtropical-high systems (SPHS), we identified and tracked the centers of subtropical highs in EBUS, the North Pacific Subtropical High (NPSH), North Atlantic Subtropical High (NASH), South Pacific Subtropical High (SPSH), and South Atlantic Subtropical High (SASH). The geographic limits considered were: NPSH (25-45°N, 180°E- 130°W), NASH (25-45°N, 70-20°W) from Song et al. (2018), SPSH (15-50°S, 150-69°W) based on Ancapichún and Garcés-Vargas (2015), and SASH (20-40°S, 42°W-12°E) as described by Reboita et al. (2019).

Two versions of an eight-step algorithm to identify subtropical-high centers were applied (see Supplementary Annex D for more details). The first algorithm, described by Gilliland and Keim (2018) and the second algorithm, described by Lambert (1988 and Murray and Simmonds (1991). The second algorithm addresses issues related to disturbances caused by transient weather systems and offers robustness against the potential fragmentation of subtropical highs by cold fronts and anticyclones, particularly when daily data are used to locate the center (Degola, 2013). Results from algorithm 1 (Supplementary Material Table D1) were used to determine the daily position of subtropical highs, associating them with various spatial patterns of variability identified by the SOM algorithm. Additionally, results from algorithm 2 (Supplementary Material Table D2) were used to investigate decadal trends in the movement of each subtropical high center (results not shown).






3 Results

This section begins detailing the number of days with upwelling events within the primary variability patterns. Therefore, describes the principal spatial pattern for each EBUS, followed by an analysis of how these patterns evolve over time. Finally, summary statistics, including various upwelling metrics, are provided to facilitate comparison across the different EBUS.



3.1 Number of days with upwelling events in the main variability patterns

The principal spatial pattern of variability derived from the SOM-HAC algorithm characterizes the upwelling regime, revealing the predominant signal within each season and EBUS. The results demonstrate a distinct separation among the dominant spatial pattern of variability (depicted by blue lines in Figure 5), with prevalence exceeding 56% across all EBUS. The mean number of days with upwelling per year and season (denoted as   in Figure 5, resulting from adding the blue, red, and green lines) shows higher values during spring (Figures 5A–D) compared to summer (Figures 5E, F), ranging from 50.4 days yr-1 (Figure 5H) to 83.6 days yr-1 (Figure 5A). The CalCS and HumCS exhibit the highest number of days with upwelling events per year, with HumCS recording the highest number (83.59 days yr-1). No significant linear trends were observed at the inter-annual scale for either spring or summer.




Figure 5 | Time series of the annual upwelling duration (in days, this represents how many distinct dates where under upwelling events for a given season, spring (A-D) and summer (E-H)) of the main three dominant spatial patterns detected by SOM-HAC algorithm for each EBUS and season (spring (left) and summer (right)). The y-axis represents the duration (days), and the x-axis represents the years. The first spatial pattern (blue), second (green), and the third (red) presented in decreasing order of occurrence. Mean numbers of days with upwelling per year ( ) are reported in upper left corner of each panel. Legends show the percentages of the total variance explained by each spatial pattern.






3.2 Spatial structure of SOM dominant spatial pattern

Using the dates associated with the dominant spatial pattern (selecting spatial pattern-specific dates and averaging them), we reconstructed the spatial structure of the key variables relevant for understanding changes in the ocean and atmospheric circulation within these coastal upwelling systems. There variables were SLP, Mw, Qsw, SST and Ep (Figures 6, 7). Interestingly the dominant spatial pattern captures the seasonal cycle across all EBUS, which is clearly evidenced by the presence of the Coastal Jets (Mw) and the subtropical anticyclones (SLP). This is noteworthy given that the input data only includes short-lived upwelling events. It suggests that the marked seasonality in intraseasonal variability within EBUS systems is driven by upwelling-favorable winds due to extratropical disturbances and seasonal changes in oceanic mixing (e.g. Renault et al. (2009) for HumCS, Goubanova et al. (2013) for BenCS).




Figure 6 | Spatial structure for the dominant spatial pattern of variability during spring, visualized as dominant patterns in SLP (sea-level pressure), Mw (meridional wind), Qsw (shortwave radiation), SST (sea-surface temperature), and Ep (Ekman pumping) during periods when upwelling occurred. These variables are organized in columns, whereas the four rows of plots correspond to the EBUS regions analyzed.






Figure 7 | Same as Figure 6 but for summer.



In the spring season (Figure 6), significant SLP isobars exceeding 1020 hPa are observed near the coast and displaced polewards in CalCS, C-ICS and BenCS. The meridional wind component (Mw) exhibits higher values in the mid-latitude regions and towards the poles across most of the systems, with particularly elevated values in BenCS and CalCS (> 8 m s-1). Shortwave radiation (Qsw) ranges between 200 and 300 Wm-2 across all upwelling centers, with higher values in BenCS (up to 300 Wm-2). Sea surface temperature (SST) drops below 15°C nearshore in the major upwelling centers along HumCS, BenCS and CalCS. Conversely, C-ICS shows higher SST values (15-20°C) throughout the region. The Ekman pumping (Ep) displays an increasing trend nearshore with values exceeding 0.1 md-1 at the most significant upwelling centers.

In the summer season (Figure 7), the spatial distribution of SLP exhibited a similar pattern to spring, with the 1020 hPa isobar situated closer to shore in CalCS and C-ICS compared to HumCS and BenCS. As expected for summer, there was a notable increase in the meridional wind (Mw) (> 6ms-1) from mid-latitude and toward the poles across all EBUS. SST and Ep, displayed spatial patterns similar to those observed int the spring season (Figures 6, 7).

We do not present the second and third spatial patterns of variability as each contribute less than<50% of the total variability for each system and season considered. However, a detailed description of these spatial patterns of variability is presented in Supplementary Annex E, Supplementary Material (Supplementary Figures S5-S8).




3.3 Spatiotemporal changes in the dominant spatial pattern of variability

When comparing the decadal changes in the principal spatial pattern of variability, mid-latitude regions in all EBUS showed an increase in SLP ranging between 0.2 and 0.8 hPa (Figure 8, positive anomalies SLP column). The centers of all subtropical highs (SPHs) exhibited a poleward displacement ranging from 89 and 224 km, accompanied by a slight offshore shift, except for CalCS (Table 3. Supplementary Annex C, Supplementary Figure S2). There was a noticeable increase in the meridional wind component (Mw) ranging from 0.5 to 1 ms-1 (Figure 8, Mw column) in CalCS and C-ICS toward the poles. In HumCS and BenCS, Mw showed slight increases in opposite directions: HumCS with a more pronounced trend at lower latitudes, excluding regions around 15-20°S and near 40°S, while BenCS, the trend was poleward of 20°N. Qsw increased up to 5 Wm-2 in BenCS, CalCS, and C-ICS, especially nearshore. Conversely, HumCS experienced a reduction in Qsw across the entire system ranging from 5 to 10 Wm-2 (Figure 8, Qsw column). SST displayed a decrease nearshore ranging from 0.3 to 0.6°C in middle and higher latitudes, except in C-ICS and BenCS where an increase between 0.2 and 0.4°C was observed. HumCS showed a significant northward increase (>1°C) northward from 25°S, consistent with the reduction in Mw (Figure 8, SST column). Moreover, there was a reduction in Ep nearshore for all EBUS, except for HumCS, where Ep increased (Figure 8, Ep column).




Figure 8 | Spatial pattern of temporal changes (2007-2019 minus 1993-2006) in the dominant spatial pattern of variability for spring (Figure 5, left column) reflected in the variables sea-level pressure (SLP), meridional wind (Mw), short-wave radiation (Qsw), sea-surface temperature (SST), and Ekman pumping (Ep). Each row of panels corresponds to an EBUS, whereas columns denote different variables. Red values in second-column panels (Mw) indicate upwelling-favorable winds.




Table 3 | Displacement of Subtropical-High Centers when comparing 2007-2019 with 1993-2006.



For the summer season (Figure 9), subtropical high-pressure systems exhibited a poleward (and slightly shoreward) shift, with displacements ranging between 57 and 443 km, except for BenCS, which showed a westward shift (Table 3). However, SLP increases were less pronounced compared to spring, with increments less than 0.5 hPa across all systems (Figure 9, left column). Furthermore, most systems showed an increase in meridional wind (Mw) during summer, ranging from 0.2 to 0.8 m s-1. However, reductions were observed in CalCS and C-ICS, for instance towards BLA upwelling center. HumCS showed a different pattern with a weakening of equatorward winds ranging from 0.1 to 0.4 m s-1 at mid-latitudes (25-35°S). In contrast to spring, Qsw decreased by 5 to 15 Wm-2 in most systems during summer. SST patterns varied across EBUS: HumCS and CalCS showed decreases ranging between 0.1 and 0.6°C, while C-ICS and BenCS showed increases in nearshore waters ranging from 0.2 to 0.6°C. In the HumCS, SST increased (> 0.1°C) significantly northward from 25°S, consistent with the decrease in nearshore Mw. Finally, there were reductions in Ep nearshore in BenCS and CalCS, while summer Ep increased in HumCS and CanCS (Figure 9).




Figure 9 | Same as Figure 8 for summer.






3.4 Decadal changes in the upwelling centers

In addition to the general spatial and long-term changes described above, we conducted a detailed analysis of specific areas known for strong upwelling (i.e. upwelling centers). Figure 10 presents the result of the Bonferroni multiple comparisons test, which adjusts for differences in averages and variability between the approximately two decades 2007-2019 and 1993-2006. Alongside the variables described in section 3.3: Pressure Gradient (PG), Temperature Gradient (TG), Zonal Ekman transport (Ek) and Mixed Layer Depth (MLD) were included to assess potential changes in the oceanographic vertical structure at these centers.




Figure 10 | Measures of decadal changes at upwelling centers, from Bonferroni-corrected multiple comparison tests applied to Pressure Gradient (PG), Temperature Gradient (TG), meridional wind (Mw), short-wave radiation (Qsw), sea-surface temperature (SST), mixed-layer depth (MLD, positive means deeper MLD), zonal Ekman transport (Ek), and Ekman pumping (Ep). Colors represent the magnitude of the t-statistic and indicate increases (red) and reductions (blue) in values of the period 2007-2019 relative to 1993-2006. Only changes that were significant for alpha=0.05 are shown.



During spring, an increase in the Pressure Gradient (PG) (i.e., larger land-ocean) was observed at HumCS for upwelling centers Mejillones (MEJ), Coquimbo (COQ), and Valparaíso (VAL) (Figure 10). Conversely, in summer, there was a slight drop in PG for Chimbote (CHI), Callao (CAL), and Mejillones (MEJ) in HumCS, as well as for Blanc (BLA) in the C-ICS. Point Año Nuevo (PAN) in CalCS showed a decreasing pattern in both seasons analyzed, while no significant changes (white spaces) were observed for BenCS. Besides, a distinctive pattern emerged in HumCS where PG increased towards the south during spring, coinciding with an increase in TG towards the north. In summer, as PG decreased towards the north, TG decreased towards the south. Point Año Nuevo (PAN) in CalCS was the only upwelling center that displayed significant reductions in TG. Additionally, an opposite pattern of TG change was observed in C-ICS between Blanc (increase) and St. Vincent (decrease).

Meridional winds (Mw) decreased at most upwelling centers in the HumCS during both spring and summer, except for Coquimbo (COQ) and Valparaíso (VAL) in spring. In summer, Mw weakened notable at Chimbote (CHI) and Callao (CAL) in HumCS, Walvis Bay (WAL) in BenCS, Pt. Conception (PCO) in the CalCS, and Blanc (BLA) in the C-ICS. Conversely, Cabo Silleira (CSI) showed an opposite pattern in spring within C-ICS, while Beddouzza (BED) and St. Vincent (SVI) exhibited changes in summer. Significant drops in SST were observed at most upwelling centers, particularly those at higher latitudes, except for Walvis Bay (WAB) in BenCS, and Beddouza (BED) in C-ICS during summer. Similar patterns were observed for MLD. Zonal Ekman transport (Ek) showed increases during only in the Pacific systems, specifically at Coquimbo (COQ) and Callao (CAL) in HumCS, Point Reyes (PRE), and Point Arena (PAR) in CalCS. Conversely, Ek decreased during summer at most centers, with no significant changes observed in BenCS. Ekman pumping (Ep), increased in both spring and summer for HumCS, while higher-latitude centers in BenCS showed decreases in both seasons. In CalCS, Ep increased at Point Reyes (PER) and Point Arena (PAR) but decreased at Blanc (BLA) and Beddouzza (BED) in C-ICS.

Besides, we calculate relative changes in the seasonal cycle using Equation 5 (see Supplementary Material, Supplementary Annex C, Supplementary Figure S3). Results indicate an amplification in the seasonal cycle across the EBUS.






3.5 Summary upwelling metrics

The SOM-HAC results are based on the days when upwelling occurs (section 2.3.1), enabling the description of the upwelling process in the EBUS using various metrics. The upwelling metrics derived for each system during the study period (events/km2 affected, mean duration and intensity), reveal that HumCS experiences significant more events (Table 4), with a higher occurrence during summer (0.022) than spring (0.016). BenCS shows a similar pattern. Conversely, CalCS and C-ICS exhibit significantly more events during spring than summer (Table 4). In terms of mean duration, events last significantly longer in spring across all EBUS (One-way ANOVA, F=27.86, p<0.001, df= 3). Upwelling events persist longer in in the HumCS and CalCS, ranging from 6.8 to 8.5 days, whereas in other regions, durations do not exceed 6 days. Regarding the mean intensity of upwelling events, values are significantly higher during summer in all EBUS except C-ICS (One-way ANOVA, F=985.04, p~0, df= 3), reaching up to -1.7°C in BenCS.


Table 4 | Upwelling metrics (Events/km2 affected, mean duration and intensity defined in Section 2.3.1) from events detected (Section 2.3.2) in the 1993-2019 period.




Table 5 | Overview of main findings in this study with indication of discrepancies or consistency with previous studies.







4 Discussion

In this study, we utilized various metrics (frequency of occurrence, mean duration, and intensity) to characterize and compare the phenology and interannual trends of the upwelling process across major EBUS worldwide. Analysis of upwelling metrics across these regions revealed that, on average, upwelling events are longer during spring and more intense in the summer. An exception to this trend is observed in the Canary Islands region (C-ICS, Table 4), where recent observations indicate an increase in upwelling-favorable winds without significant changes in SST nor the vertical motion of coastal waters (Narayan et al., 2010; Patti et al., 2010).

We also assessed the principal spatial patterns of upwelling variability in the four major EBUS from 1993-2019 using various datasets for atmospheric and oceanic variables (Table 2). These spatial patterns were extracted using an innovative clustering technique known as SOM-HAC, focusing on periods classified as upwelling events (i.e. upwelling-favorable winds for more than three days and SST below the 25th percentile climatological threshold). Additionally, changes in dominant spatial pattern were examined across different known upwelling centers within each EBUS.

In this study we implemented a novel approach in oceanography based on Artificial Intelligence applied to multivariate datasets (15 variables). This technique considers the nonlinear interactions that may be linked to climate change in the main EBUS. Through this approach, we aimed to expand our understanding of the complexities underlying coastal upwelling processes and their response to climate-driven changes in atmospheric and oceanographic forcing. While our findings align with previous studies, they also reveal new insights into the variability of upwelling in these regions.

The method yields a main spatial pattern of variability that accounts for the seasonality in the circulation in the EBUS. During spring, the most prominent signal in EBUS is characterized by a poleward displacement of subtropical high-pressure systems, accompanied by stronger equatorward winds in the mid to high latitudes for some regions. This is associated with higher shortwave radiation, lower SST, and consistent increases in Ekman pumping nearshore. Similar conditions are observed during summer, with stronger winds in mid-latitude regions, lower SST nearshore, increased Qsw and similar Ep values. The principal spatial pattern of variability resembles the differences between spring and summer, especially in terms of sea level pressure (SLP) and the meridional wind (Mw) (see Figures 6, 7). Despite the similarity among EBUS in terms of physical drivers for coastal upwelling, the specific responses can vary among regions. For instance, mid-latitude SST in Benguela rises from spring to summer (Figures 6, 7), consistent with previously reports results (García-Reyes et al., 2023), attributed to the impact of anticyclone intensity on lower-latitude sections of the Benguela system (Bordbar et al., 2023). Mahlobo et al. (2024) suggest that the change in intensity at the equator and consequent reduction in the wind-stress-curl-driven is decreasing due to the migration of the South Atlantic Subtropical High (SASH). Another notable difference among regions is the much greater surface area with meridional winds above 6 ms-1 at BenCS and C-ICS, especially in mid-latitude regions and towards the poles, contrasting with the more focalized increases in Mw at HumCS (30-40°S) and CalCS (35-45°N).

In recent decades studies focused on the C-ICS have indicated a rise in SST attributed to a weakening or reversal of the trade winds (Vallis, 1986; Saji et al., 1999; Sambe et al., 2016). Our findings confirm this warming trend, particularly evident in the first principal spatial pattern of variability from the SOM, showing a substantial increase in both spring and summer (Figures 8, 9). However, distinctive patterns emerge in the second and third spatial patterns of variability, particularly in BenCS and C-ICS (see Supplementary Annex E).

We found that the area affected by upwelling in Southern Hemisphere systems is larger in summer than in spring, which contrasts with the pattern observed for the Northern Hemisphere systems (see Table 4). The occurrence of shorter and more intense upwelling events in spring (Table 4) aligns with the findings of Abrahams et al. (2021), despite differences in the spatial scope of the datasets used. Our study encompasses a broader dataset, extending beyond the coast. Other studies also support the idea that more upwelling events occur in spring. For instance, Miranda et al. (2013) and Tim et al. (2016) found more frequent high-intensity upwelling events from spring to summer in CalCS and C-ICS, similar to our results.

Our results showed no evidence supporting the Bakun hypothesis (Bakun, 1990) across EBUS upwelling centers, indicating an absence of consistent changes in ocean-land pressure or temperature gradients (see Figure 10). Similar findings have been reported in others studies (Rykaczewski et al., 2015; Abrahams et al., 2021; Chang et al., 2023). One possible explanation for this lack of support for Bakun’s hypothesis is the absence of deepening in the continental thermal low-pressure systems (CTLPS) with increasing temperatures (Rykaczewski et al., 2015; Chamorro et al., 2021). Additionally, observations from recent decades (Sydeman et al., 2014), and evidence that winds in the EBUS are driven mainly by the position and intensity of the subtropical high-pressure system (SHPS) (García-Reyes et al., 2013; Schroeder et al., 2013; Flores-Aqueveque et al., 2020; Yang et al., 2022), suggest that wind intensity trends might be more sensitive to the poleward migration of the SHPS rather than to changes in the CTLPS (Bakun et al., 2015; Belmadani et al., 2014; Garreaud and Falvey, 2009; Rykaczewski et al., 2015). Thus, the best explanation for the large-scale changes observed in these systems is the poleward displacement of the SHPS, driven by the expansion of Hadley Cells due to increased warming rates over the tropics relative to the equator. Our results show that the SHPS centers have indeed migrated poleward during spring and summer (Figures 8, 9, Table 3, Supplementary Material Figure S2), except for BenCS. This is consistent with previous studies on the HumCS (Ancapichún and Garcés-Vargas, 2015; Flores-Aqueveque et al., 2020; Weidberg et al., 2020), BenCS (Gilliland and Keim, 2018; Reboita et al., 2019), CalCS (Riyu, 2002; Song et al., 2018), and C-ICS (Yang et al., 2020; Zhou et al., 2021). Although these previous studies used a variety of datasets, methodologies, and spatio-temporal resolutions, they all support the hypothesis of upwelling intensification due to poleward SPHS migration and the resulting intensification of upwelling-favorable winds from mid to high latitudes (see Figures 8, 9). Our findings support this statement, except for the Humboldt system where no significant decadal changes were observed. This result differs from those of Sydeman et al. (2014) who reported that the C-ICS was the only system with non-significant wind trends in recent decades. Although all the SHPS showed a poleward displacement, not all were moving closer to the coast, especially in the South Atlantic (see BenCS in Table 4, Supplementary Material Figure S2). Most reanalysis products and climate models for this region typically exhibit considerable errors, including a severe warm bias in simulated SST, which tends to be accompanied by an erroneous westward shift of the South Atlantic Subtropical High (SASH) (Seager et al., 2003; Richter et al., 2012; Zilli and Carvalho, 2021).

Distinctive patterns are evident across all upwelling centers analyzed. Atmospheric variables (Pressure Gradient, Meridional wind) exhibited inconsistent changes, except for the HumCS, where PG and Mw increase in spring and decrease in summer. Lower-latitude upwelling centers display reduced Mw in the summer (i.e. CHI, CAL in HumCS and BLA, JUB in C-ICS). Oceanographic variables revealed a reduction in SST and MLD at mid-latitude centers, except in C-ICS during summer, similar to results reported from CMIP6 (Masson-Delmotte et al., 2021). However, diverging patterns are observed, with some regions displaying increased (spring) and reduced (summer) Ekman transport, and enhanced Ekman pumping solely in the HumCS and CalCS. Notably, despite certain upwelling centers sharing similar latitudes (e.g., Concepcion in HumCS and Pt. Conception in CalCS), observed changes differ. These differences might be partly explained by the unique dynamics under each center, influenced not only by atmospherics drivers such as SLP and Mw but also by factors such as hydrographic conditions, depth, coastline complexity, water masses, slope, and orientation (Table 2).

Many of the previous studies have described coastal upwelling without distinguishing between spring and summer (e.g. Gomez-Gesteira et al., 2006; Wang et al., 2015). Our results showed that patterns can differ and even be opposite between these two seasons. For instance, when analyzing the degree of change in the principal spatial pattern of variability for HumCS, a contrasting pattern is found for summer and spring, with a weakening of meridional wind at mid-latitude during summer, but a drop in SST throughout the system, particularly in the central region (see Figures 8, 9, top row). One possible explanation for this observation is the presence of extremely narrow at submarine canyons (i.e. the BioBio and the Itata canyons) which modify coastal circulation and induce upwelling of water from depths greater than 200 m even in the absence of upwelling-favorable winds (Sobarzo et al., 2001, 2016). Another potentially confounding factor is the coastal transition zone off central-southern Chile which is characterized by moderate levels of eddy kinetic energy generating intense mesoscale activity out to 600–800 km from the coast (Escribano and Morales, 2012). This apparent inconsistency highlights the importance of understanding the background conditions of ocean state (e.g. stratification, water masses, vertical structure) to better comprehend the sources of variability seasonally and interannually (Jacox et al., 2018; Bonino et al., 2019). A general summary of the results obtained in this study is presented in Table 5.

To our knowledge, this is the first study to compare multiple EBUS using nonlinear techniques that include a within-EBUS comparison of upwelling centers. The SOM offers distinct advantages over techniques like EOF analysis. First, SOM retains the topological properties of input data, preserving spatial relationships across spatio-temporal dimensions (Kalteh et al., 2008). Second, it enables continual learning and adaptation for ongoing refinement of data representation (Bação et al., 2005). Finally, by using similarity measures during data organization, SOM adeptly captures complex nonlinear patterns and relationships, potentially overlooked by EOF analysis, which predominantly focuses on linear and orthogonal variable combinations (Liu and Weisberg, 2011). Despite its advantages, SOM has some drawbacks such as intricate algorithm design, increased computational requirements, sensitivity to critical hyperparameters (map size, learning rate, neighborhood function) and a susceptibility to overfitting when confronted with noisy or sparse data, potentially misrepresenting outliers or noise as significant patterns (Kohonen and Somervuo, 1998; Liu and Weisberg, 2011). Our results, however, highlight previously unreported and distinct patterns. For instance, SST remains low in the HumCS despite minimal changes in meridional wind (Mw), whereas Northern Hemisphere systems experience stronger Mw, especially in spring. Along the BenCS both Mw and SST have increased significantly in recent decades, potentially indicating that enhanced stratification could be a more influential factor in affecting coastal upwelling in some regions. These results illustrate the potential benefit of combining this method with other novel techniques including machine learning and deep learning, as they could help understand sources of variability that may remain indistinguishable through conventional methods.

Finally, an important aspect to discuss is the potential biases due to the data sources used. Coastal upwelling is a process manifested in temporal scales between 2-6 days and spatial scales between 25-150km (Aguirre et al., 2019). There is a notable lack of high-resolution observational and model-derived datasets. For instance, results from CMIP5 and CMIP6 climate models reveal substantial natural variability, hampered by inadequate representation primarily due to their coarse resolution. This is a significant and challenging constraint (Small et al., 2015; Bindoff et al., 2019). In fact, most CMIP6 GCMs often display substantial overestimations across EBUS regions, except for the high-resolution models that exhibit better fidelity (Varela et al., 2022). This underscores the critical significance of utilizing high-resolution products.

Although retrieving higher-resolution data to analyze changes in upwelling centers would provide a more in-depth understanding of the magnitude and direction of these changes, substantial deviations from our results are not expected. This is because most of our findings are consistent with previous studies (Narayan et al., 2010; Sydeman et al., 2014; García-Reyes et al., 2015; Rykaczewski et al., 2015; Wang et al., 2015). The results of this study can serve as a starting point for the more routine use of Artificial Intelligence techniques to identify questions that may guide future observational efforts. With a greater volume of datasets, novel approaches for processing and analyzing this data are required. Additionally, there are still many unknowns about the impacts of large-scale changes on coastal upwelling, particularly regarding non-periodical physical processes such as ENSO and extreme events like marine heatwaves. Finally, it is crucial to take in account the significant role of previous linear techniques, such as EOF, in shaping the understanding of coastal upwelling. We are confident that integrating these methods with novel approaches such as the one presented in this manuscript will enhance our comprehension of how coastal upwelling may evolve in the future.




5 Conclusions

Our study found no significant or consistent changes in land-ocean gradients across all upwelling centers, thus not supporting the Bakun hypothesis, which attributes upwelling intensification to increased land-ocean gradients. However, there was a coherent poleward increase in sea level pressure along all EBUS, accompanied by increases in upwelling-favorable winds, solar radiation, and Ekman pumping, as well as reductions in nearshore SST. These findings align with the current paradigm for explaining the increase in upwelling-favorable winds in subtropical EBUS, which is based on the expansion of the Hadley cells in a warmer climate, inducing a poleward migration of subtropical high-pressure systems. Despite the shared patterns across the EBUS studied, dominant spatial patterns of variability showed markedly dissimilar behaviors in certain systems, such as HumCS and C-ICS. For instance, SST and Ekman pumping patterns in the HumCS differed significantly from those observed in other systems.

To our knowledge, this study is one of the first to utilize AI techniques to analyze and compare upwelling dynamics across EBUS. Although our results largely align with previous studies, they also provide new insights. For instance, we identified differences in upwelling metrics between spring and summer periods across EBUS, noting shorter and more intense upwelling events during the transition from spring to summer. Additionally, we observed an onshore migration of the SHPS in some systems such as BenCS during summer, while significant interannual changes in the dominant spatial pattern of upwelling variability were evident in systems such as HumCS and BenCS, during both seasons. Therefore, integrating this type of approach into the oceanographer’s toolkit can uncover overlooked aspects of variability in coastal upwelling and related phenomena.
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Events/km” affected 0.016 0.022

HumCS Mean duration (d) 8.462 7.706
Mean Intensity (°C) -0.602 -1.150

Events/km” affected 0.007 - 0.008

BenCS Mean duration (d) 6.034 5.840
Mean Intensity (°C) -1.126 -1.722

Events/km” affected 0.012 0.010

CalCS Mean duration (d) " 6.757 ‘ 6.347
Mean intensity (°C) -1.336 -1.467

Events/km” affected 0.010 0.007

C-ICS Mean duration (d) ‘ 5.949 5.873
Mean Intensity (°C) -1.293 ‘ -1.155

km? affected is defined as the spatial extent over which distinct upwelling events occurred
during the analyzed time period.
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Calculations were done averaging the mean distance obtained from two different algorithms

(see section 2.3.6).
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etal. (2019)

Decreasing nearshore in both
seasons across the entire system,
not enough evidence to contrast

Strong poleward in spring and summer
similar to (Miranda et al., 2013; Sylla
etal, 2022)

Strong (Moderate) poleward increase in
spring (summer) similar to Miranda

et al. (2013), Lopes et al. (2014) and
Sylla et al. (2022)

Strong decrease towards the poles in
both seasons, not enough evidence
to contrast

Moderate decreases (increases) towards
the poles (equator) contrary to Cropper
et al. (2014) but similar to Barton et al.
(2013) and Bode et al., 2019)

Insignificant changes nearshore in both
seasons across the entire system, not
enough evidence to contrast

Not supported, similar to
Barton et al. (2013) and
Abrahams et al. (2021)

Northwest, spring
Northeast, summer
Supported by Polonsky
and Serebrennikov (2020)

Greater in summer, not
enough evidence
to contrast

Higher in spring similar
to Rixen et al. (2021)

Longer in spring, similar
to Rixen et al. (2021)

Strong (Moderate)
poleward increase in
spring (summer) similar
to (Rixen et al., 2021)

Strong poleward increase
in both spring
and summer

Insignificant increase
(Significant decrease) in
spring (summer), not
enough evidence

to contrast

Moderate increases
(decreases) towards the
poles (equator) similar to
Santos et al. (2012)

Moderate increase in
mid-latitudes during
summer, not enough
evidence to contrast





