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Abstract

:

Gaining insights into the space–time variations in the long-range dependence of sea surface chlorophyll is crucial for the early detection of environmental issues in oceans. To this end, 12 locations were selected along the Yangtze River and Pearl River estuaries, varying in distances from the Chinese coastline. Daily satellite-observed sea surface chlorophyll concentration data at these 12 locations were collected from the Copernicus Marine Service website, spanning from December 1997 to November 2023. The main objective of the current study is to introduce a multi-fractional generalized Cauchy model for calculating the values of Hurst exponents and quantitatively assessing the long-range dependence strength of sea surface chlorophyll at different spatial locations and time instants during the study period. Furthermore, ANOVA was utilized to detect the differences of calculated Hurst exponent values among the locations during various months and seasons. From a spatial perspective, the findings reveal a significantly stronger long-range dependence of sea surface chlorophyll in offshore regions compared to nearshore areas, with Hurst exponent values > 0.5 versus <0.5. It is noteworthy that the values of Hurst exponents at each location exhibit significant differences during various seasons, from a temporal perspective. Specifically, the long-range dependence of sea surface chlorophyll in summer in the nearshore region is weaker than in other seasons, whereas that in the offshore region is stronger than in other seasons. The study concludes that long-range dependence is inversely related to the distance from the coastline, and anthropogenic activity plays a dominant role in shaping the long-range dependence of sea surface chlorophyll in the coastal regions of China.






Keywords:


multi-fractional generalized Cauchy model; multi-fractional Brownian noise; Hurst exponent; anthropogenic activity; remote sensing












1. Introduction


Chlorophyll plays a pivotal role as a pigment in the photosynthetic processes of phytoplankton and algae, providing crucial insights into the growth conditions of marine vegetation [1]. Monitoring the concentration of chlorophyll on the sea’s surface serves is a valuable tool for assessing water quality [2], particularly in relation to nutrient levels. Anomalous chlorophyll concentrations can cause ecosystem changes, such as eutrophication and occurrences of cyanobacterial blooms, often attributed to human activities, agricultural runoff, and urban pollution. Notably, the urbanization of coastlines results in elevated nutrient inputs into coastal seas, contributing to a higher frequency of red tide events [3]. The city lockdown policy during the COVID-19 pandemic contributed to the increment in sea surface chlorophyll in Bohai Sea (China) [4]. The research unveiled the significant impacts of human activities on sea surface chlorophyll concentrations in China’s Yangtze and Pearl River estuaries [5,6]. The vigilant monitoring of sea surface chlorophyll concentration variations contributes to the early detection of environmental issues, enabling the implementation of timely and appropriate protective measures.



The growth of phytoplankton and algae is a continuous process, inevitably leading to a consistent variation in chlorophyll concentration over time. This phenomenon is specifically observed through the autocorrelation properties of the chlorophyll concentration time series. For instance, significant positive autocorrelations persist from one month to the next across almost all ocean regions [7]. In the Gulf of California, the satellite-observed sea surface chlorophyll exhibits a robust autocorrelation feature throughout various temporal spans during warm and cold seasons [8]. Moreover, diverse variability features in autocorrelation are evident in different seas of China [9]. Specifically, long-range dependence with a strong autocorrelation result was detected in the South China Sea [10]. Scholars have employed long short-term memory neural networks (LSTMs) with temporal correlation properties to precisely predict chlorophyll concentrations, indirectly highlighting the autocorrelation characteristics of chlorophyll concentrations [1]. Moreover, by integrating the capabilities of LSTM, a spatial–temporal attention network was developed to forecast chlorophyll levels in the Xiamen Sea (China), surpassing the performance of the independent LSTM model [11]. Similarly, the Ca-STANet framework, incorporating spatial attention feature extraction, temporal attention feature extraction modules, along with spatio-temporal input preprocessing and spatio-temporal fusion prediction modules, was introduced to accurately predict chlorophyll levels in the Bohai Sea (China) [12].



He [13] modeled the autocorrelation function of sea surface chlorophyll concentrations using a generalized Cauchy model. Utilizing the Hurst exponent, the author quantified the autocorrelation characteristics of sea surface chlorophyll concentrations and found that sea surface chlorophyll exhibited long-range dependence. Furthermore, the long-term analysis of global sea surface chlorophyll concentrations indicated weaker long-range dependence in nearshore areas and stronger long-range dependence in offshore regions [14,15]. By combining the historical trends of sea surface chlorophyll concentrations and leveraging their long-range dependence characteristics, accurate trend forecasting becomes possible [16]. Obtaining insights into the temporal variability in the long-range dependence features of sea surface chlorophyll concentrations can enhance the accuracy of the forecasting process.



Mono-fractals can fail in providing a comprehensive description of natural patterns, particularly when attempting to capture the nuanced temporal variations governed by natural laws. In such cases, multi-fractals offer a promising methodology. The spatial distribution multi-fractal characteristics of sea surface chlorophyll were detected in several studies and revealed that turbulent mixing could be the dominant factor of phytoplankton distribution [17,18,19]. However, a noticeable gap persists in the research focusing on quantifying the multi-fractal features of sea surface chlorophyll from a temporal perspective. Peltier and Véhel [20] formulated a model for multi-fractional Brownian motion. Introducing the concept of moving time windows, they innovatively proposed a method for calculating local Hurst exponents. Expanding on this foundation, the researchers [21,22,23] extended the algorithm to encompass multi-fractional Gaussian noise models and multi-fractional generalized Cauchy models. Their studies demonstrated that network traffic and sea surface height fluctuations exhibited the long-range dependence properties of multi-fractal models, as evidenced by the fluctuations in the Hurst exponent over time. Moreover, Hu et al. [24] utilized a multi-fractional Gaussian noise model to analyze the sound time series of giant pandas, revealing that this sequence also displayed long-range dependence properties of multi-fractal models. However, limited attention has been directed towards investigating the instantaneous fractal or multi-fractional characteristics of sea surface chlorophyll concentrations.



In view of the above mentioned considerations, the main objectives of the current study are twofold: (1) using a multi-fractional generalized Cauchy model to explore the multi-fractional characteristics of sea surface chlorophyll, i.e., the long-range dependence characteristic; and (2) detecting the temporal variability of the long-range dependence and exploring the impact of anthropogenic activity on the properties.




2. Materials and Methods


2.1. Data Collection


Long-term daily sea surface chlorophyll concentration data were downloaded from the Copernicus website (https://data.marine.copernicus.eu/product/OCEANCOLOUR_GLO_BGC_L4_MY_009_104/description, accessed on 10 December 2023). It merges the data from multi-sourced satellite sensors, including SeaWiFS (Sea-Viewing Wide Field of View Sensor), MODIS (Moderate Resolution Imaging Spectroradiometer)-Aqua & Terra, MERIS (Medium-Resolution Imaging Spectrometer), and VIIRS (Visible and Infrared Imager/Radiometer Suite)-SNPP & JPSS1, OLCI (Ocean and Land Color Instrument)-S3A & S3B. To ensure completeness, a space–time interpolation method was applied to generate gap-free Copernicus products with a spatial resolution of 4 km and a temporal resolution of one day. The in situ sea surface chlorophyll observations from Argo buoys were also downloaded from https://dataselection.euro-argo.eu/ (accessed on 10 December 2023) and collected for validation, and the results showed that the mean absolute error of the Copernicus products was 0.1264 mg/m3.



In the present study, twelve points were selected at varying distances from the coastline in the coastal regions of China, as shown in Figure 1. Among them, M1, M2, …, M6 were located on the outer region of the Pearl River estuary, while N1, N2, …, N6 were located on the outer region of the Yangtze River estuary. The Yangtze River, holding the distinction of being the largest river in Eurasia, boasts an impressive length of 6300 km, an expansive catchment area spanning 1.8 million square kilometers, and a human population exceeding 400 million within its extensive catchment region [25]. Meanwhile, the Pearl River, renowned for its significance in southern China, stands as the third-longest river in the country, with an approximate length of 2400 km. The time series of the sea surface chlorophyll concentration was extracted for the multi-fractal analysis during the period from 1 December 1997 to 30 November 2023, encompassing a total of 26 years (9496 days).




2.2. Methodology


2.2.1. The Cauchy Distribution


The Cauchy distribution is a case of the heavy-tailed probability density function, which can be written as Equation (1):


    p   C a u c h y     x ;   x   0   , γ   =   1   π γ   1 +       x −   x   0     γ       2        



(1)




where     x   0     and   γ   are the location and scale parameter, respectively. Without losing generality, Equation (1) can be simplified by setting the following values:     x   0   = 0   and   γ = 1  . Thus, it becomes:


    p   C a u c h y     x   =   1   π   1 +   x   2        



(2)




The mean,     μ   C a u c h y    , and variance,     σ   C a u c h y    , values of the Cauchy distribution have the characteristics displayed in Equations (3) and (4):


    μ   C a u c h y   =   ∫  − ∞   + ∞    x     p   C a u c h y     x   d x =   ∫  − ∞   + ∞      x   π   1 +   x   2       d x   = ∞  



(3)






    σ   C a u c h y   =   ∫  − ∞   + ∞        x   2   p   C a u c h y     x   d x   =   ∫  − ∞   + ∞        x   2     π   1 +   x   2       d x   = ∞ .  



(4)




In this case, the mean or variance of the Cauchy distribution may not exist, which is a typical feature of a heavy-tailed distribution in terms of Taqqu’s law [26,27]. Therefore, the Hurst exponent and fractal dimension were utilized instead of the mean and variance for describing the features of the considered fractal time series. Furthermore, the heavy-tailed distribution of a time series,   X ( t )  , leads to the long-range dependence characteristics of   X ( t )   [22,28,29].




2.2.2. Multi-Fractional Generalized Cauchy Model


The generalized Cauchy model can simultaneously capture the independent variations in the Hurst exponent and fractal dimension parameters by modeling the autocorrelation function of a time series [22]. Specifically, the normalized autocorrelation function of a time series,   X ( t )  , can be written as Equation (5), if it satisfies the generalized Cauchy process [22,30]:


  C ( τ ) =     1 +     τ     4 − 2 D       −   1 − H   2 − D      



(5)




where   H   and   D   denote the Hurst exponent and fractal dimension, respectively, representing the long-range dependence and self-similarity of the time series,   X ( t )  . The ranges of the two parameters are   1 ≤ D < 2   and   0 ≤ H < 1  . When   0.5 < H < 1  , it represents long-range dependence, whereas when   0 < H < 0.5  , it represents a short-range dependence. Then, the normalized autocorrelation function of the multi-fractional generalized Cauchy model can be written as Equation (6), according to the literature [22]:


  C ( τ , t ) =     1 +     τ     4 − 2 D ( t )       −   1 − H ( t )   2 − D ( t )      



(6)




where   1 ≤ D ( t ) < 2   and   0 ≤ H ( t ) < 1  ; similar definitions of long-range dependence and short-range dependence were applied to   H ( t )  . In this case,   C ( τ , t ) ≥ 0   and   C ( 0 , t ) ≥ C ( τ , t )  . When   τ → ∞  , the autocorrelation function becomes:


      lim   τ → ∞    ⁡  C ( τ , t )   =     τ     2 H   t   − 2    



(7)




Specifically, for   τ ≥ 10  ,   C ( τ , t )   is well approximated by       τ     2 H   t   − 2    . Given this approximation, the autocorrelation function of the multi-fractional generalized Cauchy model is equivalent to that of the modified multi-fractional Gaussian noise for large   τ   [23]. Hence,   H ( t )   can be obtained by using the computation process presented in the literature [20], shown in Equations (8) and (9):


  H ( t ) = −   l o g ⁡ [  π / 2    S   k   ( t ) ]   log ⁡ ( N − 1 )    



(8)






    S   k   ( t ) =   m   N − 1     ∑  j = t − k / 2   t + k / 2      X ( j + 1 ) − X ( j )      



(9)




where   N   is the number of data;   k ∈ ( 1 , N )   is the length of the neighborhood data used for estimating the Hurst exponent; and m is the largest integer smaller than   N / k  . In the current study,   k   is set to 14 days, and the   H ( t )   series values of sea surface chlorophyll concentrations at the 12 studied locations were calculated. The sea surface chlorophyll concentration can change significantly during the short bloom period, and the corresponding calculated   H ( t )   values can be close to 0. On the other hand, when the sea surface chlorophyll concentration remains stable, the calculated   H ( t )   values are close to 1. Previous studies have shown that the self-similarity of sea surface chlorophyll is rather weak [13,14,15]. Therefore, the current study only focused on the long-range dependence variations in sea surface chlorophyll.



The power spectrum density (PSD) of the multi-fractional generalized Cauchy model can be written as Equation (10) [22]:


  S   ω , t   = F   C   τ , t     =   ∫  − ∞   + ∞        1 +     τ     4 − 2 D ( t )       −   1 − H ( t )   2 − D ( t )         e   − i ω τ   d τ  



(10)




where F is the operator of the Fourier transformation, and for the multi-fractional generalized Cauchy model with a long-range dependence, Equation (10) can be further expressed as Equation (11):


  S   0 , t   =   ∫  − ∞   + ∞        1 +     τ     4 − 2 D ( t )       −   1 − H ( t )   2 − D ( t )       d τ = ∞ .  



(11)








2.2.3. Statistical Analysis


The analysis of variance (ANOVA) was implemented to distinguish the differences among various   H ( t )   series at corresponding locations, as well as the monthly and seasonal variations in   H ( t )  . Specifically, the least-significant difference (LSD) test was employed for comparing the averaged values among various groups of data. It was developed by Fisher in 1935 for pairwise comparisons by computing the smallest significant difference (i.e., LSD) between two means and identifying the populations whose means were statistically different [31]. More detailed information on the LSD can be found in the literature [31,32].






3. Results


3.1. Descriptive Statistics of Sea Surface Chlorophyll Concentration Series


The daily sea surface chlorophyll concentrations at the 12 studied locations are plotted in Figure 2, and the descriptive statistical results are presented in Table 1. The statistical results indicate that the sea surface chlorophyll concentrations present the highest ranges at the M1 and N1 locations, i.e., 0.1356–50.8658 mg/m3 and 0.0932–33.0401 mg/m3, respectively, among the two groups of data, which are the closest locations to the Pearl River estuary and Yangtze River estuary. The range of the sea surface chlorophyll concentration decreases with distance concerning to the two estuaries. Moreover, the mean values and standard deviation values had the similar decreasing trends from the estuaries to offshore locations. According to the LSD-t results, there are significant differences in the mean sea surface chlorophyll concentration values among M1, M2, M3, and M6 at a 0.05 significance level. Conversely, the mean values of M3, M4, and M5 (or M4, M5, and M6) do not exhibit significant differences at the 0.05 significance level. On another note, the mean sea surface chlorophyll concentration values at N1, N2, N3, N4, and N5 (or N6) display significant variations, while the mean values at N5 and N6 do not differ significantly from each other at the 0.05 significance level.




3.2. Variability of the Long-Range Dependence of Sea Surface Chlorophyll Series


The variations in the Hurst exponents for sea surface chlorophyll series across the 12 examined locations are depicted in Figure 3, with the corresponding statistical findings presented in Table 1. Notably, the curve values for Hurst exponents at M1, M2, and M3 (or N1, N2, and N3) appear to be distinct from one another, whereas the values for Hurst exponents at M4, M5, and M6 (or N4, N5, or N6) overlap. The mean Hurst exponent values exhibit an increasing trend from M1 to M6 (from 0.0522 to 0.5431) and from N1 to N6 (from 0.0829 to 0.5909), respectively, indicating that the Hurst exponent values increase with the distance from the coastline. Specifically, the mean Hurst exponent values are lower than 0.5 at the M1, M2, N1, N2, and N3 locations, indicating a short-range dependence. Conversely, the mean Hurst exponent values are greater than 0.5 at the M3, M4, M5, M6, N4, N5, and N6 locations, suggesting a long-range dependence. According to the LSD test results, the mean Hurst exponent values for M1–M6 and N1–N6 are all significantly different from each other at a 0.05 significance level.




3.3. Monthly and Seasonal Variations in Hurst Exponents for Sea Surface Chlorophyll


Figure 4 illustrates the monthly fluctuations in the Hurst exponents for sea surface chlorophyll across the 12 studied locations. Upon comparing trends among different locations, distinct patterns emerge. For instance, at the M1 location, the Hurst exponent values exhibit an increasing–decreasing–increasing trend from January to December. At the M2 and M3 locations, the trend is characterized by an increasing–decreasing–stable–decreasing pattern. Conversely, at the M4, M5, and M6 locations, the Hurst exponent values follow a simple increasing–decreasing trajectory. Likewise, the Hurst exponent values for the N1 location demonstrate a consistent decreasing–increasing pattern from January to December. Notably, the N2 and N3 locations reveal a more intricate trend, characterized by a decreasing–increasing–decreasing–increasing sequence of Hurst exponent values. Contrastingly, the N4 and N5 locations exhibit a straightforward decreasing–increasing–decreasing trend. The Hurst exponent values at the N6 location portray a stable–increasing–decreasing trend.



Furthermore, the seasonal variations in the Hurst exponent values across different locations are compared and depicted in Figure 5. Utilizing the LSD test, the Hurst exponent values at the M1, M2, M5, M6, N1, N2, …, N6 locations exhibited statistically significant seasonal differences at the 0.05 significance level. Conversely, for the M3 and M4 locations, the Hurst exponent values demonstrated similarities during the spring and autumn seasons at the 0.05 significance level. To elaborate, a discernible decreasing–increasing trend in the Hurst exponent values was identified at the M1 location from spring to winter seasons, while a simple decreasing trend was observed at the M2 location. Meanwhile, the Hurst exponent values at the M3, M4, and M5 locations manifested a similar increasing–decreasing pattern. Additionally, a decreasing–stable trend characterized the Hurst exponent values at the M6 location. Concerning the N locations, N1 exhibited a discernible decreasing–increasing trend, while N2 displayed a consistent increasing trend from spring to winter. In contrast, the remaining four locations demonstrated a trend characterized by an initial increase followed by a subsequent decrease in the Hurst exponent values.





4. Discussion


The present study employed multi-fractional generalized Cauchy model to characterize the temporal variations in Hurst exponents at 12 locations in the coastal regions of China during a 26-year period, which served as indicators of the long-range dependence of sea surface chlorophyll concentrations. The overall trend and the seasonal and monthly variabilities at the various locations in Chinese coastal regions were observed and detected.



4.1. The Impact of Anthropogenic Activity on the Long-Range Dependence of Sea Surface Chlorophyll Concentration


The nutrient levels in the waters of the Yangtze River estuary region have shifted from being climate-driven to being anthropogenic activity-driven since the 1950s [33]. As a major agricultural nation, fertilizers were extensively used to promote the growth and increase the yield of crops in China [34]. Studies indicate that this agricultural non-point source pollution will enter the Yangtze River through surface runoff and eventually reach the East China Sea, leading to an elevation in nutrient concentrations. Except for the fertilizer usage, sewage discharge, detergent application, livestock breeding, etc., will also contribute to the nutrient load from the Yangtze River entering the East China Sea [35]. Specifically, 36% of the total nitrogen and 63% of the total phosphorus inputs in the East China Sea originate from agricultural non-point source pollution [25]. A total of 4.62 Gg of TN and 0.27 Gg of TP entered the East China Sea per day from the Yangtze River, on average [36]. This resulted in a significant proliferation of algae in the East China Sea. In 2022 alone, there were 29 occurrences of red tide outbreaks in the East China Sea [37]. Similarly, the research has found that the eutrophication intensity in the Pearl River Estuary has been gradually increasing since the 1970s, influenced by anthropogenic activity [38]. The impacts of anthropogenic activities on the nutrient levels in the Yangtze River estuary and Pearl River estuary diminish with an increasing distance from the coastline, resulting in a gradient decreasing distribution pattern of nutrients from the coastline [39,40,41,42]. Elevated nutrient concentrations contribute to a heightened variability in sea surface chlorophyll levels, leading to increased occurrences of algae and phytoplankton blooms. Consequently, the long-range dependence weakens and the Hurst exponents register lower values. In turn, the low nutrient levels at the offshore regions lead to strong long-range dependence and high Hurst exponent values (Figure 3 and Table 1).




4.2. Seasonal Variation in the Long-Range Dependence of Sea Surface Chlorophyll Concentration


During summer, nutrients exhibit heightened activity in the Yangtze River estuary, resulting in smaller Hurst exponents and a diminished strength of long-range dependence compared to other seasons [43]. On the other hand, the southwesterly summer monsoon induces strong upwelling in the coastal regions of China [44], facilitating the transport of nutrients from the ocean floor to the sea surface. This phenomenon promotes the flourishing growth of algae and phytoplankton, and increases the variability in sea surface chlorophyll levels with low-value Hurst exponents. This could be the reason why Hurst exponents exhibit high levels in the coastal regions of China, i.e., M1 and N1 locations (Figure 5). On the other hand, the temperature in summer favors the continuous growth in the offshore regions, such as the M3, M4, M5, N3, N4, N5, and N6 locations; however, without sufficient nutrients, the growth rate is weak and leads to a strong long-range dependence characterized by high-value Hurst exponents.




4.3. Limitations and Future Work


Certain limitations of the current study should be acknowledged: (1) in the absence of long-term in situ-measured sea surface chlorophyll data, remote sensing data with some uncertainties were utilized, especially for the nearshore regions [15,45]. Therefore, the characterized space–time variations in the long-range dependence also presented uncertainties. (2) Qualitative analyses and inferences were conducted to explain the impact of anthropogenic activity on the space–time long-range dependence of sea surface chlorophyll, and future work should focus on quantitative analyses by collecting nutrient data.





5. Conclusions


The space–time variations in the long-range dependence values of sea surface chlorophyll levels were investigated using the multi-fractional generalized Cauchy model in 12 locations in the coastal regions of China over a 26-year period. The results indicate that proximity to the estuaries of the Yangtze River and Pearl River correlate with weaker long-range dependence values of sea surface chlorophyll levels. In contrast, the offshore regions exhibit consistently strong long-range dependence values throughout the study period. Additionally, seasonal variations revealed opposing long-range dependence patterns between nearshore and offshore areas during summer. In essence, anthropogenic activities were identified as the dominant factor influencing the long-range dependence of sea surface chlorophyll. Future work should focus on quantifying the impacts of anthropogenic activities on the long-range dependence of sea surface chlorophyll. The present workflow can also be applied to other types of fractional derivatives.
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Figure 1. The distribution of the 12 studied locations for sea surface chlorophyll concentrations. The dash line presents the administrative boundary of China. 
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Figure 2. Temporal variations in daily sea surface chlorophyll concentrations at the 12 studied locations during the period from December 2017 to November 2023. 
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Figure 3. Hurst exponent variations in daily sea surface chlorophyll concentrations at the 12 studied locations during the period from December 2017 to November 2023. 
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Figure 4. Monthly Hurst exponent values of daily sea surface chlorophyll concentrations at (a) M1, M2, …, M6 locations and (b) N1, N2, …, N6 locations during the period from December 2017 to November 2023. The yellow lines with circles represent the monthly averaged values of Hurst exponent values. The letters in each subfigure represent the differences by using the LSD test at a 0.05 significance level. 
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Figure 5. Seasonal Hurst exponent values of daily sea surface chlorophyll concentrations at the 12 studied locations during the period from December 2017 to November 2023. The yellow lines with circles represent the seasonal averaged values of Hurst exponent values. The letters in each subfigure represent the differences by using the LSD test at a 0.05 significance level. 
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Table 1. The descriptive statistical results for the series of daily sea surface chlorophyll concentrations and Hurst exponents at the 12 studied locations during the period from December 2017 to November 2023.
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	ID
	Chl_Minimum
	Chl_Maximum
	Chl_Mean ± Standard Deviation
	Chl_Coefficient of Variation
	H_Mean ± Standard Deviation





	M1
	0.1356
	50.8658
	4.5975 ± 3.7523 a*
	0.8161
	0.0797 ± 0.0899 a



	M2
	0.0607
	3.6647
	0.2889 ± 0.2192 b
	0.7588
	0.4072 ± 0.0999 b



	M3
	0.0463
	1.6592
	0.1607 ± 0.0914 c
	0.5683
	0.5016 ± 0.0831 c



	M4
	0.0437
	0.5228
	0.1239 ± 0.0541 cd
	0.4362
	0.5286 ± 0.0729 d



	M5
	0.0467
	1.1772
	0.1181 ± 0.0589 cd
	0.4986
	0.5391 ± 0.0703 e



	M6
	0.0437
	1.4624
	0.1123 ± 0.0490 d
	0.4362
	0.5431 ± 0.0690 f



	N1
	0.0932
	33.0401
	3.5173 ± 2.2694 a
	0.6452
	0.0948 ± 0.0889 a



	N2
	0.0976
	21.5406
	0.8885 ± 0.9993 b
	1.1247
	0.2749 ± 0.1179 b



	N3
	0.0730
	5.1777
	0.3253 ± 0.2959 c
	0.9096
	0.3957 ± 0.1010 c



	N4
	0.0324
	0.4974
	0.1178 ± 0.0482 d
	0.4097
	0.5276 ± 0.0615 d



	N5
	0.0206
	0.3076
	0.0795 ± 0.0342 e
	0.4302
	0.5601 ± 0.0682 e



	N6
	0.0244
	0.2237
	0.0604 ± 0.0206 e
	0.3411
	0.5909 ± 0.0674 f







* The letters (a, b, c, d, e, f) for the M and N groups represent the differences by using the LSD test at a 0.05 level.
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