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Seawater transparency, one of the important parameters to evaluate the marine ecological environment and functions, can be measured using the Secchi disk depth (SDD). In this study, we use multi-source remote sensing data and other fused data from 2011 to 2020 to study the spatial distribution and variation of SDD off southeastern Vietnam. The monthly average of SDD in the study area has obvious seasonal variation characteristics and shows a double peak characteristic. An important observation is a significant decrease in transparency from July to September each year, which is far lower than other nearby seas. To study this low SDD phenomenon, the generalized additive model (GAM) is used to determine the main environmental factors. The response relationship between SDD and environmental factors on different time scales is explained through empirical mode decomposition (EMD) analysis experiments. The results show that the comprehensive explanation rate of the GAM model is 72.1%, and the main environmental factors affecting SDD all have non-linear response relationships with SDD. The contributions are ranked as sea surface salinity (SSS)> offshore current velocity (Cu)> wind direction (WD)> offshore Ekman transport (ETu)> sea surface temperature (SST)> mean direction of wind waves (MDWW). SDD is positively correlated with SSS and SST, and negatively correlated with Cu and ETu. SSS, Cu, ETu, and SST have a significant effect on SDD at interannual scales. Long-term changes in SDD are driven by SSS, Cu, WD, and SST. Generally, SSS has the most comprehensive impact on SDD. WD indirectly has a non-negligible impact on SDD by changing ocean dynamics processes.
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1 Introduction

The Secchi disk depth (SDD), an old method to determine seawater transparency efficiently and easily, is still widely used today (Wernand, 2010). SDD is an important approach to characterizing the optical properties of seawater (Tang and Chen, 2016; Zhou et al., 2018). It is also an important indicator of the marine ecological environment and aquatic health, which can change the heat flux transport, photosynthesis of phytoplankton, and circulation of underwater nutrients (Kirk, 1994; Rodrigues et al., 2017; Harvey et al., 2019; Zhou et al., 2021). The study of SDD contributes to understanding seawater quality, primary productivity, and aquatic ecosystems of phytoplankton.

From previous studies, we know that SDD is affected by chlorophyll, salinity, suspended particulate matter (SPM), chromophoric dissolved organic matter (CDOM), wind, and nutrients (Gordon et al., 1983; Cloern, 1987; Erlandsson and Stigebrandt, 2006; Philippart et al., 2013; Aas et al., 2014; Hayami et al., 2015; Li et al., 2017; Bohn et al., 2018; Wang et al., 2019; Zou et al., 2020). These environmental parameters affecting SDD are related to deterministic events, such as abundant sediment transports in the estuary with low salinity plume, changes in nutrient concentrations due to upwelling, and seasonally varying sea surface temperature (SST) (Wang et al., 2015; Duy Vinh et al., 2016);. In addition, random events (e.g., algal blooms) can also have an important impact on SDD (Klemas, 2012; Yang et al., 2022). In past research on SDD, in addition to remote sensing monitoring technology, there is often analysis of the temporal and spatial changes of SDD and environmental driving forces (Philippart et al., 2013; Hayami et al., 2015; Nishijima et al., 2016; Nishijima et al., 2018; Luis et al., 2019; Idris et al., 2022). However, in special sea areas with complex environments, few quantitative studies on the effects of multiple environmental indicators on SDD have been conducted (Alsahli and Nazeer, 2021). Moreover, the correlation analysis between periodic events and SDD has not been adequately studied.

The study area of this paper is located in the southeast sea of Vietnam. Its hydrodynamic environment is complex, and the topography changes greatly (Tang et al., 2004). The sea area is a system of multiple complex interactions. In addition, SDD does not completely depend on a single environmental factor but results from multiple factors in the water. The composition of distinct water bodies is different, and the distribution and driving force of SDD is also different. This study aims to address the following research question: How does the SDD change in the southeastern Vietnamese waters? What fundamental environmental factors modulate SDD in this sea area? On what time scale do these environmental factors significantly affect SDD?

In this study, we use 2011-2020 multi-source remote sensing fusion data including various marine dynamic data, meteorological data, SST, sea surface salinity (SSS). Then, we use the generalized additive models (GAM) and the empirical mode decomposition (EMD) modal decomposition method to analyze the variation characteristics of SDD, screen out the main environmental factors affecting SDD in the study area, and quantitatively calculate the contribution of driving factors. Finally, the time scale and cycle that affect SDD are clarified, and the reasons for the significant difference in SDD between the study area and other sea areas.



2 Data and methods


2.1 Study area

Figure 1 shows the South China Sea (SCS) bathymetry. The study area (10°~14°E, 105°~114°N), which is the sea area off the southeastern coast of Vietnam, is plotted in the red rectangle. The water depths in the study area span from a few meters near shore to more than 6000 m offshore. Overall, water depth becomes shallower moving closer to land. In addition, the hydrodynamic environment of the study area is complex. With the Mekong Delta on the left nearshore, the average annual flow of the Mekong is 15,000 m3, and there is the western boundary current along the Vietnamese coastline. In summer, at about 11.2°N, the western boundary current may split into an eastward flow known as the summertime eastward jet (Cai et al., 2007; Sun and Lan, 2021). Moreover, upwelling also occurs in the study area during summer. Overall, the region has complex biological, chemical, and physical characteristics (Tang et al., 2004; Chang et al., 2008).




Figure 1 | Bathymetry (m) of the SCS region. The red dashed box is the study area. The bathymetry data is obtained from ETOPO1.





2.2 SDD and environmental factors data

A total of 10 years (2010-2020) satellite-derived monthly SDD data are obtained from the Satco2 (http://www.geodata.cn). The spatial resolution of the data is 1.8 km. Previous studies have used this dataset to conduct research on marine elements in the SCS. The relationship model between SDD and water inherent optics is expressed as follows (He et al., 2014; He et al., 2017):

 

where ρρ is the surface reflectance of the transparency disk, α is the refraction factor, β is the water surface reflection factor, Ca is the ratio threshold, f is a variable ranging from 0.32 to 0.37, a is the absorption coefficient, and bb is the backscattering coefficient. For case I water, a and b are estimated as follows:

 

 

where λ is the observation wavelength, aw, bw, and bbw are the absorption, scattering and backscattering coefficients of pure water, respectively, and e is the Chl concentration. In addition, for case II water, the absorption (ap) and scattering coefficient (bbp) of suspended sediment should be increased on the basis of case I water:

 

 

where s is the concentration of suspended sediment.

SST, SSS and sea surface velocity data with a spatial resolution of 9 km (0.083°) are derived from global ocean reanalysis data simulated by The Copernicus Marine Environment Monitoring Service (CMEMS). The data extends from surface to 5500 m and is divided into 50 layers in the vertical direction. It adopts GEBCO data for layering nearshore and adopts ETOPO1 with a resolution of 1 arc minute to realize layering in the deep ocean, thus providing high-quality ocean environmental data (Wang et al., 2021).

The monthly average ocean wave and sea surface wind field data are derived from the ERA5 dataset of the European Center for Medium-Range Weather Forecasts (ECMWF). This dataset is the fifth-generation reanalysis dataset of global climate and weather over the past 40-70 years, including real-time updates from 1979 to the present. The dataset provides a large number of atmospheric, ocean wave and land surface parameters. The temporal resolution is hourly and monthly, and the spatial resolution of the reanalysis data is 0.25° (resolution of ocean wave data is 0.5°). The applicability of this product in the SCS has been verified and is in good agreement with buoy data (Shi et al., 2021).

The coastal upwelling region in the SCS is driven by classic wind-stressed Ekman dynamics (Zeng et al., 2022). In the upwelling region of southeastern Vietnam, Ekman transport along the shore (ETv) and offshore (ETu) and Ekman pumping (EPV) can transport nutrients from the coast or ocean bottom to the upper layer. This can promote the growth of phytoplankton and indirectly affect SDD. Ekman transport is calculated from wind components at 10 m above the sea surface (Equation 6, 7) (Cropper et al., 2014).

 

 

where W is the wind speed near surface,   is the sea water density (1025 kg/m3), and Cd is the dimensionless viscosity (1.4×10-3). f is the Coriolis parameter, defined as twice the component of the angular velocity of earth (Ω) at latitude θ f = 2Ωsinθ. x and y correspond to the zonal and meridional components of wind, respectively.

EPV is calculated as follows:

 

where τ is surface wind stress.

The mixed layer depth (MLD) and barrier layer depth (BLD) distribution in the ocean is closely related to the internal motion of the ocean, marine organisms and marine meteorological elements. BLD is the water layer between the isothermal layer depth (ILD) and MLD, expressed as BLD=ILD-MLD. In this study, the gradient method is used to determine ILD and MLD. Different determination methods are used in offshore waters with a water depth of less than 200 m and in the open seas with larger water depths (Godfrey and Lindstrom, 1989; Chu et al., 2002):

offshore(≤200 m)

 

open sea(≥200 m)

 

where σt is the density of seawater obtained from temperature and salinity by TEOS10 (http://www.teos-10.org/), and T is sea water temperature.



2.3 Method



2.3.1 Empirical mode decomposition

Compared with the traditional wavelet analysis, the EMD proposed and improved by Huang can obtain more refined time-frequency local features. It smoothly processes complex signals and extracts the fluctuation or trend components of different scales from the original sequence. The output is several intrinsic mode functions (IMFs) of different scales and a trend item. The trend change characteristics have no relationship with past or future data. This method is widely used in atmospheric and oceanic research (Chen et al., 2013; Chen et al., 2014).

IMFs must satisfy two conditions (Huang et al., 1998). (a) The number of extreme points and zero crossing points throughout the data should be less than or equal to 1. (b) Any point where the mean of the envelope is defined by the local maximum or local minimum is 0. An IMF that meets these conditions has amplitude and frequency that vary as a function of time. EMD is ultimately decomposed into IMFs, and a residual term r(n) is obtained:

 

where X(t) is decomposed by EMD to obtain several IMFs. Based on the Hilbert transformation of each IMF, the instantaneous frequency and instantaneous amplitude of each component are obtained. For any signal X(t), it can be expressed as:

 

In the above equation, pv is the Cauchy’s principal value, and the analytic signal corresponding to X(t) is:

 

where a(t) and θ(t) are the instantaneous amplitude and instantaneous phase of the signal, respectively, expressed as

 

 

Further derivation of θ (t) function obtained from the original analysis signal yields the instantaneous frequency of the signal as follows:

 

If the amplitude is plotted on the plane of time and frequency, the Hilbert spectrum of the original signal X(t) can be obtained.

This study mainly uses EMD to carry out multi-scale analysis and correlation analysis on the time series of SDD and related influencing factors in the study area. The Hilbert spectrum analysis is then applied to the obtained IMF modal components to finally obtain the Hilbert spectrum with clear physical meaning. This method can better describe the non-linear process and can effectively obtain the variation trend characteristics of SDD in different and multiple periods, in order to further determine the contribution of various environmental factors.



2.3.2 Generalized additive models

GAM is an important achievement in statistical research in recent years (Guisan et al., 2002). Its advantage is that it can explain the highly non-linear or monotonic relationship between response variables and environmental factors. The model is data-driven rather than assuming specific parameters between data in advance. It has high flexibility and can better explain the relationship between the response variable and the explanatory variable, and the importance of each explanatory variable. GAM can be expressed as:

 

where   is the connection function of the response variable SDD (the data of the response variable can be of any exponential distribution form),    is the intercept,   is the residual, n is the number of parameters, Xi is the ith explanatory variable, and   is the smoothing function used to describe the relationship between   and the ith explanatory variable.

This study used the effective degree of freedom (EDF), P-value, deviance explained (D-E) and F-statistic to characterize the quality of the model’s statistical results. In addition, the larger the F-statistic, the higher the importance of the corresponding variable. When EDF=1, it represents a linear relationship between the variables and when EDF > 1, it indicates that the function is a non-linear curve equation. The larger the EDF, the more significant the non-linear relationship (Requia et al., 2019). P-value represents the significance level of the statistical results, D-E represent the model’s interpretation rate for the change of the response variable, and values closer to 1 mean that the model works better.

Based on the inversion principle of SDD, generally, the factors that most directly affect SDD include SPM, chlorophyll and CDOM. In contrast, other environmental factors indirectly affect SDD by affecting the spatial and temporal distribution of the above three environmental factors. In this study, one environmental factor is selected as the explanatory variable of GAM each time, and the relationship and contribution of each factor to SDD changes are analyzed. The environmental variables include SSS, SST, ET (Ekman transport), EPV, CV (current velocity), ILD, BLD, wind and nine wave parameters:mean direction of total swell, significant height of total swell, mean period of total swell, MDWW (mean direction of wind waves), mean period of wind waves, mean wave direction, mean wave period, SWH (significant height of combined wind waves and swell), and significant height of wind waves. The construction and data analysis of the GAM model are completed using the R mgcv package.





3 Results


3.1 Spatial distribution and variation characteristics of SDD

The monthly mean SDD in the study area from 2011 to 2020, shows the variation range of the monthly mean SDD in the study area is 26.6~34.9 m during the 10 years (Figure 2). SDD has obvious seasonal variation characteristics, reaching a maximum in May, decreasing rapidly, and reaching a minimum in August each year. Concretely, the average SDD in June (summer) is 32.4 m, when the water clarity of the study area is higher, but it was still very low in September, which was already autumn (mean SDD value is 28.6 m). Apparently, the most turbid time of the year is July to September.




Figure 2 | Annual cycle of SDD calculated from 2011 to 2020 in the study area. Different color lines represent the SDD of different years. Black dashed line represents the mean value of SDD. The red area represents the low value of SDD from July to September.



We average the SDD in the SCS and surrounding seas by season according to the monthly variation characteristics of SDD (Figure 3), in order to better understand the spatial and temporal distribution of SDD from 2011 to 2020. Note that the definition of the four seasons is delayed by one month compared to the commonly used time, e.g., summer is July-September. This approach has been applied in previous studies related to primary productivity in SCS (Zhao and Wang, 2018), so we consider it acceptable in studies of SDD directly related to primary productivity. Overall, SDD have a gradient change in spatial distribution, and the SDD pattern is basically the same along the coast. More SDD low-value areas are distributed in the near shore and estuarine areas. According to the seasonal average distribution, the average value of SDD from July to September is significantly lower than in other sea areas (Figure 3C). The main axis of the low-value area is parallel to the southern coastline of the Indo-China Peninsula, showing tongue-shaped, which seems to be an extension of the low-value area of the Mekong Estuary. This phenomenon does not appear in other seasons (Figures 3A, B, D).




Figure 3 | Distributions of mean SDD (background color, m) for (A) January-March (B) April-June (C) July-September (D) October-December from 2011-2020. The dotted line is the low value area of SDD.





3.2 Multi-scale analysis of SDD

Taking the monthly time series of SDD in the study area from 2011 to 2020 with a total of 120 sample points, the SDD is decomposed by the EMD method (Figure 4). The plot shows the EMD decomposition result of SDD monthly average value, where ORG is the original time series of SDD, IMF1-5 are the five signal components, which reflect the SDD fluctuation characteristics of different time scales from high frequency to low frequency, and trend denotes the trend term. In addition, the period of each component is calculated by the distance between adjacent maximum (minimum) values, and the average value and variance of each component. The average periods of IMF1-5 components are 6 months, 11 months, 16 months, 24 months, and 60 months, respectively.




Figure 4 | Decomposition results of SDD time series using the EMD. (A) is original component, (B–F) are IMFs, and (G) is the trend component.



Specifically, the first signal component (IMF1) of SDD indicated an aperiodic oscillation, it contains a high-frequency oscillation process. During 0-20 months and 50-70 months, the amplitude of SDD changes is about 1.5 m, and the amplitude can reach 4.7 m in other time intervals. IMF2 is the interannual component expressing the interannual variation process, and its maximum amplitude is 4.4 m. IMF3 is a component with a period of 16 months. Its amplitude is larger between 50 and 70 months, which may be caused by low-frequency anomalous events in the corresponding period. IMF4 represents SDD changes on a time scale of about two years, with smaller changes in amplitude. The variation characteristics of IMF5 are relatively gentle, with a low-frequency variation signal on the five-year time scale. The last signal component (Trend) is a non-monotonic signal. SDD first increases and then decreases during the ten years. It reaches a maximum of 34.96 m around the 60th month and decreases in the next five years. The SDD remains at 30.5~31 m during the ten years.

In order to analyze the variation characteristics of SDD, the Hilbert transform is performed on the IMF1-5 components of SDD signal. The time spectrum of the signal is plotted in Figure 5. Signals with average frequencies around 0.08/month and 0.15/month fluctuate widely, while low-frequency signals (less than 0.05/month) exhibit a near-stationary band. In terms of energy distribution, high energy is mostly distributed in higher frequency signals, which indicates that the SDD in the study area has the largest fluctuations on the time scale of about half a year to one year. This further confirms the signal analysis in Figure 4.




Figure 5 | Hilbert-Huang spectrum analysis of SDD. The color represents the energy value, where the higher the value, the higher the energy event.





3.3 GAM analysis of SDD and environmental factors

According to the principle of SDD inversion calculation and the actual situation of the study area, the significant reduction in SDD phenomenon is often caused by the joint action of various influencing factors (Gordon et al., 1975);. Therefore, we include multiple oceanographic and meteorological elements in the analysis, use the variance inflation factor standard to eliminate the multi-collinearity environmental factors (Wood, 2004). Finally, SSS, SST, MDWW, SWH, ETu, ETv, BLD, EPV, Cu (offshore current), Cv (alongshore current), MLD, WD, and ILD environmental factors are screened as explanatory variables.

The GAM results shows that the combined explanation rate of the model is 72.1%, and all selected driving factors significantly affect the changes in SDD at P-value< 0.01, which were all statistically significant. The environmental factors that explain the SDD variation with a high rate (15.3%-38.2%) with effects ranked as SSS > Cu > WD > ETu > SST > MDWW, and they fit well with the model equations constructed by SDD (Table 1). Although the rest of the factors pass the P-value significance test, their explanatory power for SDD changes is relatively low (less than 15%) and the model fit is also poor. In addition, the EDF of each explanatory variable is greater than 1, indicating that the constructed function is a non-linear equation and there is a significant non-linear relationship between the explanatory variables and SDD.


Table 1 | GAM fitting results of SDD and environmental factors.



The smooth regression function of related environmental factors is calculated using the GAM model established between multiple driving factors and SDD response variables. The effect diagram of the impact of environmental factors on SDD changes with an explanation rate greater than 15% is obtained (Figure 6). The gray shading in the figure represents the upper and lower bounds of the confidence interval, and the solid line represents the smooth fitting curve.




Figure 6 | Response curves of SDD to changes in (A) SSS, (B) Cu, (C) WD, (D) ETu, (E)SST and (F) MDWW. The Y-axis in each subplot represents the smoothing function term for each factor, and the numbers in brackets represent degrees of freedom.



According to the results, each environmental factor shows a non-linear relationship with the change in SDD. Specifically, SDD is positively correlated with SSS and SST. When SSS is 30.5-31.5 PSU and SST is 28-30.5 °C, the confidence interval is small and the reliability is high. In addition, SSS and SST have the most significant impact on SDD (Figures 6A, E). Cu and ETu have similar effects on SDD, with a general decrease in SDD as Cu and ETu increase (Figures 6B, D). It should be noted that when Cu is greater than 0.5 m/s, SDD reaches the minimum, and then there is no obvious trend, indicating that the response of SDD to Cu in the study area is phased and does not decrease with the increase in Cu. The relationship between WD and SDD is diverse. SDD is relatively high when WD is 0-90° and the confidence interval is small (Figure 6C). SDD increases with the increase in WD in this interval. When WD is between 90° and 230°, SDD first rises and then falls, reaching two peaks at 130° and 230°, respectively. SDD increases with the increase of WD. The relationship between MDWW and SDD is complex (Figure 6F). MDWW and SDD are positively correlated when the wave direction is between 0 and 180°. When MDWW is between 180° and 290°, SDD decreases and then increases. The SDD in the interval is significantly affected by MDWW. When MDWW is greater than 290°, SDD decreases again.




4 Discussion


4.1 Multi-scale correlation analysis of SDD and main environmental factors

In this paper, EMD is used to objectively deal with nonlinear and nonsmooth processes. We perform EMD transformations on the main factors obtained from the GAM and analyze their response to changes in SDD at different time scales. Based on the EMD signal decomposition, we use the Pearson correlation coefficient to analyze the correlation between SDD and various influencing factors on multiple time scales to obtain the contribution of the correlation factors that affect SDD changes on different time scales (Figure 7).




Figure 7 | Correlation analysis of SDD and environmental factors at various time scales. The shape and color of the ellipse in the figure represent the degree of the correlation, the direction of the ellipse represents positive or negative correlation, and * means that the data has been tested for significance at 0.01.



Specifically, with the exception of SDD IMF1, SSS has a regulating effect on all SDD signal components with a period greater than or equal to 11 months, and the correlation coefficients of the two can reach 0.565, 0.429, 0.444, 0.315, and 0.883, respectively, which indicates that SDD is significantly driven by SSS on interannual or longer time scales, and they are positively correlated. Cu has a significant negative correlation with SDD period of less than 11 months and signal components greater than 60 months, which means that SDD is affected on short time scales within 1 year and long time scales greater than 5 years. WD is similar to MDWW, both of which have a moderate effect on SDD changes greater than 16 months. The effects of ETu and SST exist mainly on longer time scales (Based on available theoretical and GAM results, ETu is negatively correlated with SDD, so the positive correlation results between SDD Trend and ETu Trend are not considered. The anomalous positive correlation of the long-term trend correlation may be related to the amount of data). In addition, they are both significantly correlated with SDD IMF1, which indicates that ETu and SST also have a non-negligible effect on the semiannual-scale SDD oscillation.

In general, SSS, Cu, ETu, and SST significantly impact SDD on a six-month to one-year scale. On a time scale of about two years (SDD IMF3, SDD IMF4), SDD is significantly driven by SSS, WD, ETu, and MDWW. All factors play a significant role in the approximately five-year scale signal of SDD. Therefore, we can conclude that SSS influences the signal components of SDD at five different time scales, indicating that SSS is an important environmental factor affecting SDD at most of the time. The modulating effect of SSS on SDD is the most comprehensive, followed by the effect of Cu, which has an important impact on the four signal components of SDD.



4.2 Analysis of the response mechanism of SDD to environmental factors

According to the distribution of SSS and SST, it can be concluded that the study sea area is characterized by low temperature and low salinity. The Mekong River brings a large number of low-salinity plumes during the rainy season, which makes the estuary and its adjacent waters low in salt content (SSS minimum is below 22 PSU) (Figure 8A) (Hordoir et al., 2006). Based on our results, there is a significant positive correlation between SSS and SDD. SDD decreases with the decrease in SSS, and appropriate salinity promotes the mass growth and reproduction of phytoplankton, thereby reducing the transparency of seawater (Jeppesen et al., 2007). At the same time, part of the study area is in the upwelling region, and the distribution of SST shows the cold spot phenomenon near shore (Wang et al., 2013; Dang et al., 2022). This is due to the deep cold water brought by the upwelling, causing the SST in the upwelling area to be less than 26.5 °C at minimum (Figure 8E). Based on the Pearson analysis between the GAM analysis and EMD, SST and SDD are positively correlated. The decrease in SST reduces the thickness of the thermocline and the vertical stability of seawater. Nutrients are more easily mixed, so SDD decreases as SST decreases. It is worth noting that due to the strong seasonal changes in SST, the changes to the marine biological environment are relatively slow, so the impact of SST on SDD is mainly reflected on a longer time scale in addition to the semi-annual scale. In short, the upwelling sea area carries a large amount of nutrients and SPM (Li et al., 2015). It can be concluded that the plume and upwelling of the Mekong River affect the distribution of SSS and SST, which indirectly causes the SDD in the study area to decrease significantly.




Figure 8 | Spatial distribution of (A) SSS; (B) Cu; (C) WD; (D) ET; (E) SST; (F) MDWW. (July to September).



In marine systems, regional SDD is sensitive to hydrodynamic and meteorological conditions (Zhou et al., 2022). WD from July to September is mostly southwesterly (Figure 8C), and the distribution of the wind stress curl field is favorable to the formation of summertime eastward jet (Sun and Lan, 2021), which has a significant impact on the regional climate and ecological environment. The summertime eastward jet generally intensifies in July, reaches its maximum in August, and then gradually weakens in September, which is consistent with the appearance of the low value region of SDD. As shown in the distribution of the sea surface current field (Figure 8B), the prevailing southwest wind promotes Cu in the offshore direction, which increases the intensity of Cu in the study area and promotes the transfer of low salinity cold water from the Mekong River to the east, thus indirectly causing significantly low SDD (Van Der Woerd and Pasterkamp, 2008). Cu can lead to the summertime Chl-a jet phenomenon (Chl-a concentrations above 0.13 mg m-3) (Zeng et al., 2022), which can have a direct impact on SDD. In addition, Cu driven by wind also has periodic changes due to seasonal changes in WD. Therefore, Cu impacts the variation of SDD on a semi-annual to annual scale. Another environmental factor driven by wind, MDWW, also plays a role in SDD. MDWW is mostly southwestern from July to September (Figure 8F). The GAM model results show that SDD is significantly lower when the direction of weaves is 180-270° due to MDWW transporting more nutrients with SPM and contributed to the reduction of SDD. Finally, Ekman transport, as one of the environmental variables affecting SDD, is also driven by wind (Dippner et al., 2007; Wang et al., 2013). The offshore direction of ET in the study area is southeast and perpendicular to the shoreline (Figure 8D), favoring the creation of more phytoplankton growth and causing a decrease in SDD.

It is noteworthy that each environmental factor we analyzed acts indirectly on SDD by affecting chlorophyll or SPM. The sources of chlorophyll, representing primary productivity, are nearshore transport and locally generated (Liu and Tang, 2022), which affect SDD through physical and biological processes. Both summertime eastward jet and upwelling significantly affect local chlorophyll, which explains the relationship between SDD response to EPV intensity and summertime eastward jet in the GAM analysis, i.e., these processes are significantly associated with changes in SDD, but their contribution to SDD changes is limited due to seasonal fluctuations in EPV and hydrodynamics. The effect of MLD on SDD is similar to the EPV effect. MLD is influenced by monsoons and eddies, especially in summer when the MLD increases and phytoplankton can obtain abundant nutrients in surface waters, which has a great impact on local SDD. However, due to its seasonal variation, the effect of MLD on SDD is limited during the whole year.




5 Conclusions

In this study, we use multi-source satellite remote sensing data and reanalysis data to study the spatial distribution and variation characteristics of SDD in the study area (10°~14°E, 105°~114°N) from 2011 to 2020. The monthly mean time series shows that the SDD values in the study area are bimodal and varied significantly seasonally, with the highest and lowest values occurring in May and August each year, respectively. The spatial and temporal distributions show a distinct zone of low SDD values (average 28.8 m) from July to September each year compared to nearby waters, with its main axis parallel to the southern shoreline of the Mekong estuary in a tongue shape.

To explore the SDD low value phenomenon, a non-parametric model, GAM, is used to identify the dominant environmental factors affecting SDD variation and analyze the relationship between the dominant environmental factors and SDD variation. The combined explanation rate of the model is 72.1%, and the environmental factors’ influence contribution is ranked SSS > Cu > WD > ETu > SST > MDWW, with different degrees of nonlinear response relationships. Among them, SDD is positively correlated with SSS and SST, and negatively correlated with Cu and ETu. Moreover, in order to explore at what time scales environmental factors influence SDD, this paper performs an EMD decomposition of the main environmental factors. The analysis results show that the variation of SSS, Cu, ETu, and SST on the interannual scale have important effects on SDD, while on longer time scales, SSS, Cu, WD, and SST had effects on SDD. In general, SSS has the largest comprehensive impact on SDD. WD is also an important segment that can indirectly affect SDD by altering ocean dynamic processes.
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