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Abstract

:

This study scrutinizes interannual (2003–2023) variations in coastal upwelling along the Guangdong Province during summers (June–August) in the northeastern South China Sea (NESCS) by comprehensively applying the moderate-resolution imaging spectroradiometer (MODIS) remote sensing sea surface temperature (SST) and chlorophyll concentration (CHL) data and the model reanalysis product. The results show that SST and upwelling intensity in the sea area have significant (p < 0.05) rising trends in the last 21 years. The CHL shows an upward but insignificant trend, which is affected simultaneously by the rise in SST and the enhancement of upwelling. Further analysis reveals that the interannual variations in upwelling are robustly related to the wind fields’ variations in the coastal region. A clockwise/counter-clockwise anomaly in the wind field centered on the NESCS facilitates alongshore/onshore winds near the Guangdong coast, which can strengthen/weaken coastal upwelling. Based on the correlation between wind field variations and large-scale climate factors, long-term variations in the upwelling intensity can be primarily predicted by the Oceanic Niño Index.
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1. Introduction


Under the influence of the southwest monsoon, the coastal waters of eastern Guangdong in the northeastern South China Sea (NESCS) exhibit a significant phenomenon of upwelling during the summer (June, July, and August) annually [1,2]. Driven by the upwelling, nutrients from the bottom layer of seawater are transported to the surface, promoting the proliferation of planktonic organisms such as algae. Through photosynthesis, these organisms absorb carbon dioxide and provide a richer food source for fish and other marine life [3]. Consequently, the upwelling phenomenon in the local region brings abundant fishing resources to the surrounding areas [1,2,4].



Previous studies have investigated the driving mechanisms and influencing factors of this upwelling phenomenon [5,6,7,8,9,10,11,12]. The summer coastal southwest wind is the primary mechanism that generates upwelling in the NESCS [1,7,9,11,12]. The nearshore wind-driven upwelling theory suggests that offshore transport in the surface Ekman layer creates a pressure gradient perpendicular to the shore, forming a robust coastal current. Meanwhile, bottom Ekman dynamics drive the onshore movement of the bottom layer, transporting cold deep water uphill and leading to the formation of upwelling. Additionally, the spatial distribution of upwelling is modulated by coastal factors such as topography, coastal currents, and freshwater discharge [5,6,8,10], as well as regional scale dynamic processes such as wind-enhanced mixing and oceanic eddies [13,14,15].



In recent years, under the influence of global climate change, significant interannual variations have been observed in ocean temperature, sea surface wind, and chlorophyll concentration (CHL) in the South China Sea (SCS) [13,14,16,17,18,19,20,21,22,23]. The interannual variations in these background dynamic factors are inevitably linked to the local wind field and upwelling variability in the NESCS. Some studies have gradually revealed these interannual characteristics. For instance, Jing et al. [7] found an abnormal enhancement of summer upwelling in the northern SCS during the 1997–1998 El Niño period, with the offshore Ekman transport induced by the southwest wind being twice that of the standard years. Their further analysis indicated that anomalous anticyclonic atmospheric circulation in the NESCS and northwestern Pacific was the cause of the strengthened upwelling. Zhang [24] investigated the response of summer upwelling in the Taiwan Strait to climate change from 1982 to 2019. They found that the canonical and Modoki types of El Niño and Southern Oscillation (ENSO) had significantly different influences on upwelling intensity. However, there is still a lack of comprehensive research on the interannual variations in and long-term trends of this upwelling, especially in clarifying the intensity of upwelling and its relationship with climatic factors.



This study systematically investigates interannual variations in summer upwelling in eastern Guangdong using moderate-resolution imaging spectroradiometer (MODIS) satellite remote sensing data for sea surface temperature (SST) and CHL. Combined with the ERA5 reanalysis of wind field data and climate factors related to ENSO, the relationship between the intensity of the coastal upwelling in the NESCS and the abnormal changes in the wind field is analyzed. Based on this, the predictability of the upwelling intensity is discussed.




2. Materials and Methods


2.1. Study Area


The coastal area in the NESCS (as shown in Figure 1) is typical for the coastal upwelling phenomenon. The area is characterized by a broad continental shelf and a complex dynamic environment. The ocean dynamic process is affected by many factors, such as subtropical monsoons, Kuroshio intrusion, SCS boundary currents, and tidal currents. Previous studies have shown that the monsoon dominates the wind field in the area, and the wind direction changes seasonally; in summers, the upwelling east of coastal Guangdong is closely related to the driving of the southwest wind field [1,7,9,11,12]. This significant upwelling phenomenon occurs in the summer of every year in the whole sea area south of the Taiwan Strait. The upwelling area under consideration in this paper is a local coastal region east of Guangdong.



Previous studies have shown that the location of this coastal upwelling is mainly between 116 and 118°E [1,2]. This study calculates the topographical position index (TPI) by analyzing SST data and defines the boundary of the upwelling, which is marked as UPW by the parallelogram boxes in Figure 1b,c. In the UPW region, three upwelling cores can be further identified: UPW-A, UPW-B, and UPW-C. The calculation process of TPI is described in detail in Section 2.2.1 below, which means that the lower the TPI value, the stronger the upwelling [2,25]. According to the annual average of TPI in summer, we can see that the TPI in the UPW region is remarkably lower than that in other surrounding areas, and the TPIs in the UPW-A, UPW-B, and UPW-C regions are the three minimum cores of the UPW region. In addition, if we further analyze the probability of TPI less than −0.5, we can see that the probability of occurrence of low TPI in the UPW region is higher than that in the surrounding areas; in particular, the probabilities in the UPW-A, UPW-B, and UPW-C regions are the three peaks of the UPW region. It can be seen that these regions have a stable upwelling phenomenon, which can be used to characterize the coverage area of the upwelling and its central cores. Therefore, in the following analysis, we will use the statistical results of these regions to represent the upwelling intensity in their respective regions and then analyze the interannual variation in this upwelling.




2.2. Dataset


2.2.1. MODIS SST and CHL Data


This study utilized monthly mean SST and CHL data obtained from the MODIS onboard the Terra and Aqua satellites to analyze the interannual variations in coastal upwelling in the NESCS. MODIS, a medium-resolution imaging spectrometer carried on both Terra and Aqua satellites, is a crucial instrument in the Earth Observing System program of the United States for observing global biological and physical processes. Based on the thermal infrared radiation band, MODIS can acquire the thermal radiation flux of the Earth’s ocean surface and calculate sea surface temperature through atmospheric interactions [26]. The near-surface CHL is derived from remote sensing reflectances in the blue-to-green region of the visible spectrum using an empirical relationship.



The MODIS SST and CHL data can be applied to observe marine environmental changes, ecological factors, and ecosystem monitoring. The MODIS SST data analysis reveals essential information, such as ocean temperature gradients and ocean current distribution, holding significant value for marine science and resource management. Combined with calibration models and satellite assimilation data, it enables the estimation of the regions and seasons where upwelling occurs. The application of MODIS data in upwelling studies allows for assessing upwelling intensity and spatiotemporal distribution characteristics [27].



The data used in this study were obtained from the Oceancolor website of the National Aeronautics and Space Administration (http://oceandata.sci.gsfc.nasa.gov; accessed on 1 December 2023). The data have a spatial resolution of ~9 km, covering the entire northern South China Sea region, and a temporal resolution of monthly data spanning from 2003 to 2023.




2.2.2. ERA5 Wind Field Data


The relationship between upwelling and wind fields was analyzed using ERA5 wind field data. ERA5 is the fifth-generation atmospheric reanalysis dataset for global climate from January 1950, produced by the European Centre for Medium-Range Weather Forecasts (ECMWF). ERA5 is generated by the Copernicus Climate Change Service (C3S) of ECMWF. It contains atmospheric, land, and ocean climate variables hourly. ERA5 integrates model data with observational data from around the world, incorporating advanced numerical weather prediction models, ground observations, satellite data, and meteorological radar data to create a globally consistent dataset. The effectiveness of using ERA5 data to analyze wind speed in coastal upwelling regions has been validated [28,29]. Due to its global coverage and high spatiotemporal resolution, ERA5 finds applications in various fields, including wind energy data assessment, spatiotemporal analysis of precipitation data [30], and numerical simulations, such as Lagrangian transport simulations [31].



The ERA5 wind field data used in this study were downloaded from the Copernicus Climate Change Service website (https://cds.climate.copernicus.eu/#!/home; accessed on 1 December 2023). The data cover the entire South China Sea and parts of the western Pacific Ocean, with a spatial resolution of 0.25 degrees. The temporal span of the data matches that of SST, CHL, and other datasets used in this study.




2.2.3. Validity of the Data


In this paper, the MODIS monthly mean SST and CHL data were used to analyze the interannual variation in upwelling intensity, mainly considering the reliability of this dataset. We tried to apply the 8-day SST and CHL data by MODIS for analysis and found many missing values in the spatial coverage. Therefore, even if the 8-day data are adopted, it is still necessary to integrate the data into the monthly or seasonal mean data before further analysis. For this reason, this study directly adopts the monthly data products that are officially released. The data publisher has made finer revisions and more reasonable data integration, and the quality is guaranteed. In addition, since this paper focuses on the interannual change in upwelling, the focus is on the annual difference. Although this upwelling does have significant temporal changes within the season, it is not our focus.



To verify the monthly data’s reliability, we specially analyzed the MODIS 8-day SST and CHL data from 2003 to 2023 and compared them with the monthly data. It can be found from Figure 2 that in the 21 years from 2003 to 2023, the summer mean SST/TPI/CHL obtained from the monthly data and the seasonal minimum SST/minimum TPI/maximum CHL obtained from the 8-day data are significantly correlated (p < 0.05 in most cases). It shows that the seasonal mean characteristics of the upwelling reflected in the monthly data are consistent with the seasonal high attributes reflected in the 8-day data. In addition, considering that MODIS data products have been widely used in many studies, the data quality has been fully verified [26,27]. Therefore, the MODIS monthly average data are feasible for synthesizing the seasonal data and then further analyzing the interannual variation in the upwelling.





2.3. Methodology


2.3.1. Topographic Position Index (TPI)


The TPI indicates the elevation difference between each unit within a region and the average elevation of the specified surrounding area. When applied to the upwelling scenario, the TPI can represent the difference in SST between the central unit and its surrounding region, reflecting upwelling intensity [2,25]. This application effectively removes the interannual signal of large-scale background temperatures. The formula for calculating the TPI is as follows:


  T P I   x , y   = S S T   x , y   − W   x , y    



(1)






  W   x , y   =     ∑  j = − n  n     ∑  i = − n  n   S S T   x + i , y + j             N + 1    2    ,        n =  N 2    



(2)




where x and y represent the coordinates of the central point, N denotes the window size centered around the central point, and W(x, y) represents the average SST of all points within the scanning window. A negative TPI value indicates that the SST at the central point is lower than the surrounding environmental temperature. Therefore, in upwelling areas, the TPI is often negative. We utilized a square scanning window region with a side length of 150 km and a monthly average SST to calculate the TPI values.




2.3.2. Theil–Sen Estimation and Mann–Kendall Test


The Theil–Sen trend estimation method, or Sen’s slope estimator, is a robust non-parametric statistical approach for trend estimation [32,33]. This method is computationally efficient and insensitive to measurement errors and outliers, making it suitable for the trend analysis of long-time series data. For a time series xi (i = 1, 2, 3, …, n) consisting of n independent and identically distributed samples of random variables, the calculation formula for estimating the trend is as follows:


  β = M e d i a n      x j  −  x i    j − i              1 < i < j < n     



(3)




where β is the trend or the Sen slope, and xj and xi denote the series values at j and i, respectively. The sign of β indicates the direction of the trend change: if greater (less) than zero, it signifies a positive (negative) change.



Additionally, the non-parametric statistical Mann–Kendall trend test was applied to estimate the significance of the trend in the series. The basic idea is to examine the trend in the sequence by comparing the size relationships between each pair of data points and then determine the direction of the trend based on the sign of the sum of ranks [34,35]. The statistic S for the test is calculated by


  S =   ∑ k  n − 1      ∑  j = k + 1  n   sgn    x j  −  x k                 j ≤ n    and    k ≠ j     



(4)







The test statistic S follows a normal distribution. When n > 10, the normal distribution statistic Z can be calculated as follows:


  Z =         S − 1     V a r  S            S > 0        0      S = 0           S + 1     V a r  S            S < 0          



(5)




where Var(S) represents the variance of:


  V a r  S  =   n   n − 1     2 n + 5     18    



(6)







In the two-sided test, at a given significance level α, if |Z| ≥ Z1−α/2, the null hypothesis is rejected, indicating a significant upward (Z > 0) or downward trend (Z < 0) in the series data, with the magnitude of Z determining the significance of the trend. This study set a 95% threshold confidence level (α = 0.05) for the test.



The Theil–Sen and the Mann–Kendall analyses are widely applied in ocean science for trend estimations, predictions, and significance assessments. For instance, they were used to analyze variations in meteorological variables [36], examine trend differences in fitting non-stationary extreme wave height models with different climate change datasets [33], and assess the long-term characteristics of wave energy resources in China’s coastal areas [35].






3. Results


3.1. Interannual Variations in Coastal Upwelling


Based on MODIS data, the spatial distribution of annual summer average SST, TPI, and CHL in the NESCS was obtained (Figure 1). As shown in the figure, a coastal upwelling area is characterized by low SST, low TPI, and high CHL off the eastern coast of Guangdong. The TPI shows that the coastal upwelling mainly covers the sea area between 116°E and 118°E and approximately 0.5° latitudes offshore, marked as the UPW area in Figure 1b. In this upwelling region of UPW, three core regions, UPW-A, UPW-B, and UPW-C, with a range of 0.2° × 0.2°, can be further indicated based on their relatively low TPI values.



Figure 3 illustrates the average SST, TPI, and CHL of the UPW, UPW-A, UPW-B, and UPW-C regions during the summer yearly. The results show that there are interannual variations and clear long-term trends in all the three variables. Conducting Theil–Sen estimation and the Mann–Kendall test on these interannual variation data, it was found that the SST and upwelling intensity in the regions have shown a significant upward trend in the past 21 years. Although CHL shows an upward trend, the trend is not significant. The trends in the three core regions are different. As we move northward, the warming trend of SST becomes more substantial, the strengthening trend of upwelling becomes weaker, and the increasing trend of CHL becomes higher.



The spatial distribution of the Sen slope of SST, TPI, and CHL can provide a clearer understanding of the regional characteristics of long-term trends (Figure 4). From the SST trend, the entire NESCS exhibits a significant warming trend, especially in the open sea areas far from the coastal upwelling regions, which may be related to global warming caused by climate change [37]. The TPI generally shows a decreasing trend in coastal areas, indicating that the intensity of upwelling along the coast has significantly increased in the recent 20 years, especially in the core regions such as UPW-A, UPW-B, and UPW-C, where the decreasing trend of TPI values is significant (p < 0.05) (Figure 4b).



It is worth noting that the long-term trend of CHL in the nearshore area is opposite to that in the open sea due to the influence of upwelling. In the open sea area, the summer SST is generally high, and the increase in SST further inhibits chlorophyll growth. However, in the coastal upwelling region, the nutrient-rich cold water brought by upwelling from the slope and shelf towards the shore promotes the growth of CHL, creating a long-term increasing trend. Upwelling may also combine with the transport of coastal currents, resulting in a more robust increase of CHL in the northeast compared to the southwest (i.e., UPW-C > UPW-B > UPW-A, in Figure 3). The results indicate that in climate warming, upwelling plays a crucial role in maintaining the health of the nearshore ecosystem.




3.2. Relationship between Wind Field and Upwelling


Previous studies have shown that wind field variation can lead to CHL increase through various dynamic mechanisms in the SCS [13,14]. The ERA5 wind data reveal that the nearshore NESCS exhibits significant southwest winds in summer (Figure 5). As shown in the figure, a prominent high (low) value area of the alongshore (onshore) wind component covers the coastal upwelling region. The southwest monsoon is the primary mechanism that generates coastal upwelling in the northern regions of the SCS [1,7,9,11]. When the southwest monsoon intensifies, wind-induced Ekman transport in the offshore direction increases, and the seawater near the northeast coast of the SCS flows in the offshore direction. Then, the water level near the shore decreases. The cold water near the shore forms a pressure gradient force due to the offshore formation of the upper layer of seawater, supplementing the upper layer of seawater and forming an upward onshore flow.



Further data analysis reveals that the sea surface winds in the coastal NESCS exhibit significant interannual variation characteristics (Figure 6). As shown in the figure, although the variation in wind speed is not apparent, there is a remarkable interannual decrease in the onshore component. This has led to significant clockwise changes in the direction of the wind, which is conducive to the alongshore component generating coastal upwelling. The change magnitude exceeds half of its annual average. Considering the critical role of Ekman transport in this nearshore upwelling [1,7,9,11], interannual variations in the wind field may be the main factor affecting the long-term trend and interannual variation in the upwelling intensity along the coast of the NESCS.



The yearly spatial distribution of TPI and sea surface wind field for summers from 2002 to 2023 show good agreement between the intensity of upwelling and the direction of sea surface wind (Figure 7). For example, during the summer of 2006, the wind direction significantly tended northwards, and the intensity of the nearshore upwelling was considerably weaker, with its affecting area being relatively small that year. By contrast, in the summer of 2007, the wind direction significantly tended towards the east. The intensity of the nearshore upwelling was considerably stronger than in the summer of 2006, with a significantly larger affecting area.



To further clarify the matching pattern between the upwelling intensity and wind fields, the 21-year data were divided into two groups with strong and weak upwelling intensity, based on the Theil–Sen trend analysis results of TPI (Figure 3): the years in the UPW area in which the TPI values are below (above) the trend line are regarded as years with strong (weak) upwelling intensity. Then, a composite analysis of the sea surface wind field and TPI was conducted based on the two groups of data, respectively (Figure 8). The composite analysis results show that in years with lower TPI values (right panels of Figure 8), the wind direction shows a southeast anomaly compared to the climatology; that is, the wind tends to blow along the coast or towards the offshore direction, with the alongshore wind component substantially increasing in the eastern Guangdong coastal area. Such a wind field is more conducive to the generation of coastal upwelling. In contrast, in the years with high TPI values (left panels of Figure 8), the wind tends to blow northward or onshore, which is not conducive to the formation of upwelling. Previous studies have pointed out that abnormal changes in wind fields, especially wind direction, are critical factors in enhancing nearshore upwelling [7,24]. The results of this study further propose the matching relationship between the intensity of coastal upwelling in the NESCS and the interannual variation in the wind field through composite analysis.




3.3. Predictability of Upwelling Combined with ENSO


The previous paragraph revealed that the interannual variations in the coastal upwelling in the NESCS are closely related to the interannual variations in the wind field. Considering that the monsoons in the SCS are controlled by large-scale Western Pacific wind fields [7,17], it is necessary to analyze the relationship between upwelling and climate factors such as ENSO. Analysis of the Ocean Niño Index (ONI) and the TPI deducted from the interannual trend indicates a good correlation between them (Figure 9). In the years with more vigorous upwelling (lower TPI) in summer, such as 2003, 2005, 2007, 2015, 2020, and 2023, the ONI during the previous winter generally appears to be El Niño events.



Previous studies have shown that the El Niño phenomenon can affect the strength of coastal upwelling in the SCS by altering the wind speed and direction of the monsoon. Accompanied by the El Niño phenomenon, an anticyclonic (i.e., clockwise) circulation anomaly centered on the NESCS [17,19,20]. This impact will significantly affect the SCS wind field, causing changes in the monsoon [18] and thereby causing differentiated effects on upwelling. Such a mechanism can be further confirmed through a composite analysis of the summer wind field following El Niño and La Niña events from 2002 to 2023 (Figure 10). In the summer following El Niño, the anomalous anticyclone wind field centered on the NESCS caused the sea surface wind near the Guangdong Province coast to deflect towards the southeast. The wind blowing northeast (alongshore) was strengthened. This type of wind will enhance offshore Ekman transport, thereby increasing the upward climb of bottom seawater for replenishment. In contrast, a cyclonic (counter-clockwise) anomaly in the wind field strengthened during the summers of the following year of La Niña. The wind field around the Guangdong coast shifted northwestward, which was not conducive to forming the coastal upwelling.



The relationship between upwelling intensity and ENSO can be used to predict the intensity of upwelling. First, subtract the ONI corresponding to the i-th and j-th months before given summers, and perform correlation analysis between the different i and j combinations and TPI. The results can help find the optimal correlation between the change rate of the ONI and the TPI (Figure 11). The results show a significant correlation between the intensity of summer upwelling and the previous winter ONI changes. For example, for the entire upwelling zone (UPW), there is the most significant correlation between TPI values and the difference in ONI between December of the previous year and January of the current year (r = 0.42, p = 0.07). This indicates that the higher the increase (decrease) in ONI from December to January, the greater the negative (positive) value of TPI in the following summer, resulting in a higher (lower) intensity of upwelling.



The above correlation analysis indicates that the changes in ONI have important predictive significance for the intensity of upwelling in the following summer. Based on this, an attempt is made to construct a prediction of upwelling intensity based on the ONI, which can further fit the following empirical formula:


  T P  I  y e a r   = β × y e a r + k ×   O N  I i  − O N  I j    + b  



(7)




where β is the long-term trend (Sen slope), which is estimated above in Section 3.1, and i and j are the months with the highest correlation between ONI change rate (ONIi–ONIj) and TPI (Figure 11). For example, for the UPW region, i = −5, j = −6. The parameters k and b can be linearly fitted by substituting the TPI and ONI values.



The comparison between the predicted results of the fitted empirical formula and the measured values based on satellite observations is shown in Figure 12. The results show that the empirical formula can well reproduce most of the variations in TPI, and the determination coefficient R2 is between 0.72 and 0.82. However, probably because other climate factors, rather than ENSO, also constrain the wind field and upwelling, the prediction performance is still not ideal, especially for the years in which TPI values were significantly higher or lower than the average level. Therefore, to achieve a more accurate prediction of the TPI, more factors may need to be further considered.





4. Discussion


Many studies have shown that CHL in the SCS has significant annual periodic variation characteristics, e.g., [13,14]. In relatively deep areas, the driving factors of this periodic variation are mainly related to the deepening of the mixing layer caused by the strengthening of the wind field and the pumping caused by the eddies [13,14,15]. For coastal waters, such as eastern Guangdong, eastern Hainan Island, and east Vietnam, the high CHL in summer is mainly related to the coastal upwelling caused by Ekman transport. The primary mechanism is that the wind blowing to the northeast along the coastline in summer causes offshore Ekman transport of the surface water, resulting in the upwelling of the lower nutrient-rich water onshore across the continental shelf [7,12,23]. The results of this study also show that the coastal waters of eastern Guangdong have the characteristics of low SST and high CHL upwelling in summers. Their occurrence is closely related to the enhancement of the wind field (Figure 8). Based on previous studies, the results of this paper further analyze the interannual variation characteristics of this upwelling. Our research reveals that the interannual variation in large-scale climate factors can significantly impact the wind field of the SCS (Figure 10), which will cause variations in the upwelling in the NESCS. These findings can provide essential support for the accurate prediction of coastal upwelling.



In addition to the SCS, there are many marginal sea areas worldwide, such as the Arabian Sea and the Baltic Sea, which have significant coastal upwelling phenomena, mainly driven by Ekman transport [12]. However, in the background of global climate change, the intensities of coastal upwellings in these regions appear to be different long-term trends. Even in the same sea, the variation trends of upwelling at various coastal locations can be significantly different [12]. Taking the SCS as an example, other authors’ study results also found that coastal upwelling in the NESCS showed a significant intensifying trend [22], which is consistent with the results of this paper. However, in the Taiwan Strait, which is not far from our study region, the interannual variation in upwelling shows a significant weakening trend [21]. The difference in trends between the two areas may be related to the spatial difference in wind field changes. For example, a clockwise abnormal wind in Taiwan Straight might be onshore in the left coastal region but offshore in the right coastal region (Figure 8 and Figure 10), favorable for the coastal upwelling in eastern Guangdong, but unfavorable for the upwelling in the west of Taiwan. In addition, for sea areas such as east Hainan in the SCS, Arabian Sea, and Baltic Sea, the interannual variation characteristics of coastal upwelling are also very complicated [12]. Therefore, to accurately predict the long-term trends of these coastal upwellings, it is necessary to accurately predict the long-term wind field by constructing a sufficiently comprehensive climate model.



Although the long-term trend of coastal upwelling in the NESCS and its influencing factors are clarified in this paper, more data and works, including field observations and numerical simulations, may be needed to assess the quantitative measurement of the upwelling intensity. Ocean color satellite data can be susceptible to various factors, such as cloud cover and rain, affecting their quality and accuracy. It is essential to adopt appropriate algorithms to convert the signals obtained from remote sensing into directly applicable data, which is also revealed in studies regarding, for example, CHL mapping with Sentinel 2 or 3 and bathymetry mapping with satellite images [38,39]. For different types of coastal waters characterized by bathymetry and distance to the coast, corresponding suitable algorithms are needed [38,40]. Because this paper focuses on the long-term trend, even if there is an inaccuracy in the data, it is only the systematic error of the region, which does not affect the accurate judgment of the long-term trend. However, suppose it is necessary to measure the specific value of the upwelling intensity or CHL variations; in that case, it may be necessary to thoroughly verify the algorithm of inversion processes with more in situ data.




5. Conclusions


This study used MODIS satellite remote sensing data, such as sea surface temperature (SST) and chlorophyll (CHL), combined with ERA5 reanalysis wind field data, to systematically study the interannual variation patterns of summer coastal upwelling off the eastern part of Guangdong Province in the Northeastern South China Sea (NESCS). On this basis, the relationship between the intensity of the upwelling and abnormal changes in wind fields was analyzed, and the feasibility of predicting the intensity of upwelling based on climate factors, such as the Ocean Niño Index (ONI), was discussed.



The main conclusions indicate that the summer coastal upwelling intensity and SST in the NESCS areas significantly increased between 2003 and 2023. Affected by rising SST and enhanced upwelling, the CHL appears to have an increased trend, although it has not reached a significant level.



Moreover, the interannual variation in and long-term trend of the upwelling intensity are closely related to sea surface wind fields. In the years when the wind field appears as a clockwise anomaly centered on the NESCS, the wind direction tends to parallel to the shoreline, and the upwelling strengthens. In contrast, in the years when the wind direction deviates from the clockwise anomaly and tends to be onshore, the upwelling is relatively weak. The agreement between large-scale climate indices (e.g., the ONI) and the wind field can help achieve preliminary predictions of the trend and interannual characteristics of the upwelling intensity. In the future, for more accurate assessments and forecasts of the upwelling intensity and the relative CHL variations, it may be necessary to employ more in situ data to validate the remote sensing products and include more complex climatical or local factors into the prediction model.
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Figure 1. Climatological (2003–2023) (a) sea surface temperature (SST), (b) topographic position index (TPI), (c) probability of TPI < −0.5, and (d) chlorophyll concentration (CHL) in the northeastern South China Sea (NESCS) during summer (June, July, and August); the boxes in (b,c) represent the regions of the coastal upwelling and its three cores focused upon in this study. 
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Figure 2. Scatter comparisons of summer mean SST/TPI/CHL based on monthly MODIS data versus minimum SST/minimum TPI/maximum CHL based on 8-day MODIS data for the upwelling regions in the NESCS, as marked in Figure 1, during summers from 2003 to 2023. 
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Figure 3. Annual variation in summer mean SST (°C), TPI (°C), and CHL (mg/m3) in the upwelling regions of the NESCS, as marked in Figure 1. The dots with lines represent the SST/TPI/CHL, the solid lines represent the trend by Theil–Sen estimation, and the dashed lines represent the confidence intervals. 






Figure 3. Annual variation in summer mean SST (°C), TPI (°C), and CHL (mg/m3) in the upwelling regions of the NESCS, as marked in Figure 1. The dots with lines represent the SST/TPI/CHL, the solid lines represent the trend by Theil–Sen estimation, and the dashed lines represent the confidence intervals.



[image: Remotesensing 16 01282 g003]







[image: Remotesensing 16 01282 g004] 





Figure 4. Spatial distribution of the Sen slopes of the summer seasonal mean (a) SST (°C/year), (b) TPI (°C/year), and (c) CHL (mg/m3/year) in the NESCS during 2003–2023. Trends values that are statistically significant (p < 0.05) according to the Mann–Kendall test are marked as black crosses. 
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Figure 5. Climatological (2003–2023) (a) sea surface wind field and its (b) alongshore and (c) onshore components in the NESCS during summer. The box denotes the statistical region of Figure 6. 
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Figure 6. Multiyear series of the average wind vector and the total, alongshore, and onshore wind speeds in the NESCS during summers. The statistical region is the box in Figure 5. The dots with lines represent the total/alongshore/onshore wind speeds, the solid lines represent the trend by Theil–Sen estimation, and the dashed lines represent the confidence intervals. 
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Figure 7. Spatial distributions of the summer seasonal mean topographic position index (TPI) and wind field in the NESCS from 2002 to 2023. 
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Figure 8. The summer-seasonal composite wind fields and TPI values in the NESCS during (a) weak and (b) strong upwelling years, as well as (c,d) their anomalies relative to the climatological means, and (e,f) the alongshore components of the wind anomalies. The weak (strong) upwelling years are when the summer TPI values in the UPW region are above (below) the trend line in Figure 3. 
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Figure 9. The series of the Oceanic Niño Index (ONI) and the summer TPI in the UPW region after deducting its long-term trend. The blue, red, and dashed lines indicate that the ONI value equals to 0.5, –0.5, and 0, respectively. 
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Figure 10. Composite wind field anomalies in the South China Sea and Western Pacific during the summer following the (left panel) El Niño and (right panel) La Niña years. 
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Figure 11. The correlation coefficient r between the TPI and the ONI change rate (i.e., ONIi–ONIj). The corresponding p-value is displayed after transposition on the top-left corner of each panel for the upwelling regions (i.e., UPW, UPW-A, UPW-B, and UPW-C marked in Figure 1). The −11th to −6th months represent July to December of the previous years, and the −5th to −1st months represent January to May before the given summer. The stars denote the most significant correlations with the lowest p-value and its corresponding r-value for the upwelling regions. 
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Figure 12. Comparison of the TPI series between the empirical formula (Equation (7)) and remote sensing observations for the upwelling regions (i.e., UPW, UPW-A, UPW-B, and UPW-C marked in Figure 1). 
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