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Algal bloom in an inland lake is characterized by significant spatial and temporal dynamics. Accurate assessment of algal bloom distribution and dynamics is highly required for tracing the causes of and creating countermeasures for algal bloom. Satellite remote sensing provides a fast and efficient way to capture algal bloom distribution at a large scale, but it is difficult to directly derive accurate and quantitative assessment based on satellite images. In this study, the Gini coefficient and Lorenz asymmetry coefficient were introduced to examine the spatio-temporal algal bloom distribution of Chaohu Lake, the fifth largest inland lake in China. A total of 61 remote sensing images from three satellite sensors, Landsat, Gaofen, and Sentinel were selected to obtain algal bloom distributions. By dividing remote sensing images into 0.01°*0.01° grid cells, the normalized difference vegetation index (NDVI) for each grid cell was derived, forming a spatial and time series database for quantitative analysis. Two coefficients, Gini coefficient and Lorenz asymmetry coefficient, were used to evaluate the overall intensity, unevenness, and attribution of algal bloom in Chaohu Lake from 2011 to 2020. The Gini coefficient results show a large variety of algal bloom in the spatial and temporal scales of Chaohu lake. The lake edge and northwestern part had longer lasting and more severe algal bloom than the lake center, which was mainly due to nutrient import, especially from three northwestern tributaries that flow through the upstream city. The Lorenz asymmetry coefficient revealed the exact source of the unevenness. Spatial uncertainties were mostly caused by the tiny areas with high NDVI values, accounting for 53 cases out of 61 cases. Temporal unevenness in northwestern and northeastern parts of the lake was due to the most severe breakout occurrences, while unevenness in the lake center was mainly due to the large number of light occurrences. Finally, the advantage of Gini coefficient and Lorenz asymmetry coefficient are discussed by comparison with traditional statistical coefficients. By incorporating the two coefficients, this paper provides a quantitative and comprehensive assessment method for the spatial and temporal distribution of algal bloom.
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1 INTRODUCTION
Algal bloom in water areas has been a critical worldwide environment issue for the past several decades (Haag, 2007). Many studies have tracked long-term algal bloom outbreaks of various inland lakes in China (Wang et al., 2012; Yan et al., 2012; Huang et al., 2015; Zhang et al., 2015; Kang et al., 2016), U.S. (Hambright et al., 2010; Winston et al., 2014), India (Kamerosky et al., 2015), Mexico (Stumpf et al., 2003), and Canada (Hecker et al., 2012; Sorichetti et al., 2014). Since algal bloom is highly sensitive to various factors such as nutrients, temperature, wind speed, air pressure, and human controlling (Ahlgren, 1988; Vedernikov et al., 2007; Klemencic and Toman, 2010; Ribeiro et al., 2015; Wang et al., 2017), its spatial and temporal distribution is characterized as highly uneven and fluctuating, especially for inland lakes where the water flow and regeneration rate are lower. Therefore, an accurate description of spatial and temporal distribution is an important prerequisite for analyzing and controlling algal bloom outbreaks.
Satellite remote sensing has significant advantages for its large-scale and periodic observation, providing an efficient manner to observe large-scale algal blooms. Since the 1990s, the Landsat satellite has been used to monitor lake algal blooms and their dynamics (Galat and Sims, 1990; Richardson, 1996). Today there are several satellites that are widely used in algal bloom observation, i.e., the Landsat satellite (Ho et al., 2019), Sentinel satellite (Moita et al., 2016; Pirasteh et al., 2020), MODIS satellite (Lu and Tian, 2012; Zhang et al., 2015), Gaofen satellite (Hu et al., 2019), and GOCI satellite (Choi et al., 2014; Lou and Hu, 2014). Algal bloom indicators derived from satellite remote sensing bands include normalized difference vegetation index (NDVI) (Van Der Wal et al., 2010; Lin et al., 2016), FAI (Hu, 2009; Zhang et al., 2014; Page et al., 2018), Chla (Hu, 2009; Zhang et al., 2014; Page et al., 2018; Guan et al., 2020; Pompeo et al., 2021), etc. On this basis, various analyses are conducted on algal bloom distribution from spatio-temporal (Lu and Tian, 2012; Zhang et al., 2015; Page et al., 2018; Zabaleta et al., 2021) and vertical (Bosse et al., 2019) points of view. In 2019, a global spatio-temporal algal blooms analysis covering 71 large lakes from 33 countries based on Landsat five satellite images (Ho et al., 2019) revealed that algal bloom in over 2/3 of lakes had been increasing during the last 30 years. These studies show that the application of satellite remote sensing is a useful and efficient way to observe, track, and evaluate long-term and large-scale algal bloom distribution.
Although remote sensing images inversion can display the general coverage, severity, and evolution trend of algal bloom, the evaluation of distribution based on numerous images, especially for time series analysis, is subjective. Since algal bloom may grow and fade rapidly, its characteristics may be highly diverse in a couple of days (Lu and Tian, 2012; Zhang et al., 2020). Current research focuses less on the quantitative assessment method of algal bloom distributions. Using hotspots is one of the quantitative assessment methods that has been applied in spatial distribution analysis (Wei et al., 2021; Zabaleta et al., 2021). Generally, a quantitative description of temporal and spatial distribution of algal blooms is still lacking. Indices that accurately and briefly abstract the key information of algal bloom distribution features are highly needed. This requirement is more important when incorporating long-term temporal analysis in analysis.
In this paper, we focus on the assessment method of algal bloom distribution of Chaohu Lake from 2011 to 2020. Two indices, the Gini coefficient and Lorenz asymmetry coefficient, which are originally proposed to assess citizen income inequality, are applied to spatial and temporal distribution analysis of algal bloom. These two indices have been adopted to analyze river flow variability and biological species variability in previous studies (Damgaard and Weiner, 2000; Zhen-Xiang et al., 2004; Jawitz and Mitchell, 2011; Masaki et al., 2014; Zhang et al., 2020). It is considered suitable to use these two indices to measure and explain this variability. The Gini coefficient is used to measure the spatial or temporal distribution inequality (unevenness) of algal blooms, while the Lorenz asymmetry coefficient explains whether the unevenness is caused by a small number of large NDVI values or a large number of small NDVI values. To be specific, for spatial analysis, the two coefficients indicate the extent of lake-wide variability of algal bloom and which area contributes to the unevenness; for temporal analysis, the two coefficients indicate the temporal variability of algal bloom in each grid cell, and which occurrences contribute most to the unevenness.
The study site and data of Chaohu Lake are described in section 2. The application of the Gini coefficient and Lorenz asymmetry coefficient in assessing algal bloom spatial and temporal distribution are explained in section 3. Section 4 presents the result of spatial and temporal distribution with discussion. A conclusion is given in section 5.
2 STUDY AREA AND DATA
2.1 Chaohu Lake
Chaohu Lake (31°25' ∼ 31°42′N, 117°17' ∼ 117°50′E), located in central-eastern China, is the fifth largest inland freshwater lake of China. The lake covers an area of 780 km2, with a length of 55 km in longitude and a width of 21 km in latitude (Shang and Shang, 2005). A total of 90% of the Chaohu Lake is supplied by surface runoff (Yang et al., 2013), consisting of 10 major inflow-tributaries entering the lake. The location and distribution of Chaohu Lake is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Location and distribution of Chaohu Lake.
Algal bloom of Chaohu Lake has occurred almost every summer in the past several decades (Shang and Shang, 2005). Since the 1970s, with rapid industry and population development, nutrients and organic matter such as nitrogen and phosphorus in the lake have rapidly increased, resulting in the frequent occurrence of algal bloom (Kong et al., 2013). Satellite remote sensing data showed that algal bloom in Chaohu Lake has broken out almost every year in the past 30 years, with an average annual outbreak frequency of six times (Damgaard and Weiner, 2000). In the early 1980s, the algal blooms were mainly distributed in the northwest and northeast lake areas. During 1983–1990, the algal bloom gradually moved to the lake center. In 1990, the algal bloom occurred throughout the lake. From 1999 to 2017, algal bloom began to shrink gradually, with most algal blooms concentrated in the northwest lake area (Li S M, 2019). The initial time of algal bloom outbreak in each year is gradually getting earlier, and the duration is gradually increasing (Damgaard and Weiner, 2000).
2.2 Data Sources
In this study, three types of satellite sensors, the Landsat 5/7/8 satellite, GF-1 satellite, and Sentinel-2 satellite are used to obtain the algal distribution of Chaohu Lake. Table 1 lists the main parameters of the three sensors. All candidate images from May to October between the years 2011–2020 were examined, and only cloud-free images with algal bloom areas greater than 50 km2 were considered. A total of 61 remote sensing images were obtained with significant algal bloom coverage and almost no cloud coverage. Table 2 shows the date and source of selected images. The number of images varies widely from year to year due to the different severity of algal bloom and image quality.
TABLE 1 | Parameters of Landsat satellite, GF-1 satellite, and Sentinel satellite.
[image: Table 1]TABLE 2 | Satellite images dates and sources .
[image: Table 2]All the images were checked or preprocessed to make sure atmospheric correction was applied. The aim of atmospheric correction is to eliminate the influence of atmospheric and illumination factors on the reflection of ground objects. In this study, the Landsat-5, Landsat-7, and Landsat-8 data were L2 grade and corrected by the Landsat official production system including radiometric and geometric correction (https://www.usgs.gov/faqs/does-landsat-level-1-data-processing-include-atmospheric-correction). The Sentinel-2 data (L2A level) used in this paper were generated from 1C products based on scenario classification and atmospheric correction algorithms. (https://sentinels.copernicus.eu/web/sentinel/technical-guides/sentinel-2-msi/level-2a-processing). The GF-1 data were pre-processed using FLAASH mode in ENVI 15.3 software.
2.3 NDVI Indicator
Since green algae has similar spectral characteristics with terrestrial vegetation, some indicators that reflect vegetation are widely adopted to characterize algal bloom coverage of a water area, such as FAI and NDVI (Zhu et al., 2020). In this study, due to the lack of short-wave infrared band data in the GF-1 sensor, the NDVI index was adopted as an indicator of algal bloom. The derivation of NDVI is:
[image: image]
where NIR is the reflectance of the near-infrared band and R is the reflectance of the red band. The NDVI value ranges from -1 to 1. Positive NDVI denotes the existence of algal bloom, and higher NDVI indicates higher algal bloom severity. Bands of NIR and R for each satellite used in this study are listed in Table 3.
TABLE 3 | NIR and R bands for Landsat-5, Landsat-7, Landsat-8, GF-1, and Sentinel-2 satellites.
[image: Table 3]3 MATERIALS AND METHODS
3.1 Extraction of Lake Cells
Although the distribution of algal bloom can be roughly seen and analyzed from the NDVI distribution map of remote sensing inversion, it is still very important to divide the lake area into grid cells for quantitative assessment, because appropriate cell division can facilitate further calculation and make the spatial and temporal evaluation results closer to the real value. Grid cell division has been used in various spatial analyses for quantitative analysis. Masaki et al. (2014) extracted major river channel cells to analyze the variability of inflow regimes for different parts of rivers; Guevara-Escobar et al. (2007) used grid-divided data to evaluate rainfall distribution patterns; Raziei and Pereira (2013) and Das et al. (2014) interpolated and gridded rainfall distributions to 0.5°*0.5° and 1°*1° grid cells respectively for spatial analysis. With this consideration, the Chaohu Lake area was divided into equidistant grids for quantitative spatial and temporal analysis. First, the shape of Chaohu Lake was clipped using DEM contours. To avoid the confusion of lake edge caused by water level fluctuation, the DEM contour latitude was set slightly lower than the normal water level. The clipped lake area was then taken as the “uniform lake shape” for all images, assuring the location of grids was consistent in every image. Second, the lake area was divided by horizonal and vertical parallel lines with 0.01° distance, generating 850 0.01°*0.01° grid cells. In this way, the distribution of algal bloom was represented by uniform grid data of mean NDVI. The grid data were regarded as the regularized vector for quantitative spatial and temporal analysis. Figure 2 shows an example of the NDVI distribution from 2014.08.15 with grid cell division.
[image: Figure 2]FIGURE 2 | NDVI distribution with grid cell division from 2014.08.15.
Based on grid cell division, spatial and temporal distribution can be analyzed quantitatively and comprehensively. Figure 3 shows an illustration of the spatial and temporal analysis based on grid cells. Spatial analysis is based on grid cells of each image, while temporal analysis is derived by the NDVI time series of each grid cell from different images.
[image: Figure 3]FIGURE 3 | Illustration of spatial and temporal analysis based on grid cells.
3.2 Gini Coefficient and Lorenz Asymmetry Coefficient
In this paper, the Gini coefficient and Lorenz asymmetry coefficient are adopted to evaluate the shape of NDVI-area curve. The advantage of such coefficients is that they can describe not only the variability of NDVI over different areas but also the attribution of variability. As mentioned above, the algal bloom distribution, which is represented by NDVI, varies largely in different areas and different years in Chaohu Lake. The two indices help the interpretation of spatial and temporal inequality of algal bloom. The Gini coefficient provides the total inequality degree, while the Lorenz asymmetry coefficient interprets whether the inequality is caused by high-NDVI elements or low-NDVI elements. Considering these features of indices, we attempted to give a comprehensive description and attribution of algae distribution inequality.
3.2.1 Gini Coefficient
The Gini coefficient was first introduced by Corrado Gini in 1912 (Gini, 1912) to quantify inequality of household incomes. In the past decades, the Gini coefficient has been extended to environment sciences, such as inequality of plant species distribution (Ma et al., 2006; Shi et al., 2012), precipitation inequality (Shi et al., 2012), and river flow temporal distribution (Masaki et al., 2014), etc. Hereafter, we apply the Gini coefficient to spatial and temporal distribution inequality of Chaohu Lake.
The Gini coefficient G is given by (Eytan, 1972; Kimura, 1994)
[image: image]
where n is the number of individuals, [image: image] is the income of individual i, and [image: image] is average income of all individuals. Note that [image: image] ≤ [image: image] ≤…≤ [image: image]. A higher Gini coefficient reflects a higher income diversity, and vice versa. When applying the Gini coefficient to assess the unevenness of algal bloom, n represents the number of total grids, [image: image] denotes algal bloom amount which is represented by NDVI in grid i.
The Gini coefficient is more widely interpreted using a graphical manner, known as the Lorenz curve. The Lorenz curve is obtained by aggregating the percentage of individuals (horizonal axis) and the percentage of incomes (vertical axis). In this study, the horizonal and vertical axes of the Lorenz curve are the cumulative percentage of the grid area and the cumulative percentage of algal blooms, as shown in Figure 4. The graphical interpretation of the Gini coefficient is the ratio of area A to the triangle (A + B) in Figure 4. Note that (A + B) = [image: image], and the relationship between G and A is:
[image: image]
[image: Figure 4]FIGURE 4 | Sketch of the Lorenz curve and Gini coefficient.
The slope of the Lorenz curve reveals the inequality degree of algal bloom spatial distribution. Imagining a perfectly even distribution of algal bloom where a 1% increase in area corresponds to a 1% increase in algal cumulation, the Lorenz curve is a line with slope 1 (y = x), which is called the “absolutely equal line”. For unevenly distributed algal bloom area distribution, the Lorenz curve is under the absolutely equal line. The farther the Lorenz curve is from the y = x line, the more uneven the algal bloom distribution is, and the higher the G value is.
3.2.2 Lorenz Asymmetry Coefficient
Although the Gini coefficient presents an efficient indicator to describe the unevenness of algae distribution, it also has some limitations. Since G = 2A, it is possible that different Lorenz curves may have the same Gini coefficient. Figure 5 shows NDVI distributions from 2016.06.14 to 2018.09.19. Both Gini coefficients are 0.12, however their algal bloom intensity and distribution are quite diverse, also the shape of the Lorenz curves is different. This indicates that the Gini coefficient is insufficient to describe algal bloom distribution, and the Lorenz asymmetry coefficient is then adopted.
[image: Figure 5]FIGURE 5 | Example of images with the same G but different algal bloom distribution and Lorenz curve.
The Lorenz asymmetry coefficient, denoted as S, is given by (Damgaard and Weiner, 2000):
[image: image]
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[image: image]
where m is the number of pixels with a value less than [image: image]. In this paper, x denotes NDVI series for each grid. The graphical explanation to F and L is the x-coordinate and the y-coordinate of the point with slope one of the Lorenz curve. If S = 1, the coordinate (F, L) lies exactly on line x + y = 1. If S > 1, the coordinate (F, L) lies above line x + y = 1; if S < 1, the coordinate (F, L) lies below line x + y = 1. Figure 6 shows three types of Lorenz curve with S < 1, S = 1, and S > 1. Triangular marks denote points with slope = 1. Note that S=F + L for the three curves in Figure 6: 0.59 = 0.47 + 0.12, 1 = 0.56 + 0.44, 1.11 = 0.65 + 0.46.
[image: Figure 6]FIGURE 6 | Examples of Lorenz curves with different S values. Blue, red, and green colors indicate results for algal bloom distribution on 08/01/2020, 09/04/2014, and 10/31/2018, respectively.
The significance of the Lorenz asymmetry coefficient S is that when S > 1, the inequality of algal bloom distribution is mostly due to the small amount of high NDVI values, which is also shown in the upper-right tail of the Lorenz curve; when S < 1, the inequality of algal bloom distribution is mostly due to large amounts of low NDVI values, which is shown in the lower-left tail of the Lorenz curve; S = 1 denotes that both parts have the same contribution to algal bloom inequality. Therefore, we can infer from Figure 6 that algal bloom unevenness on 2018.10.31 was mostly due to large NDVI elements, and unevenness on 2020.08.01 was mostly due to small NDVI elements. This provides clear notice about areas with great diversity, and, if the diversity is due to large elements (S > 1), it is an explicit warning of algal concentration.
4 RESULTS AND DISCUSSION
4.1 Spatial Distribution of NDVI in Chaohu Lake
4.1.1 General Spatial Distribution Based on Mean NDVI
The 61 remote sensing images listed in Table 1 were processed to obtain the NDVI distribution in grid cells. Figure 7 shows the monthly maximum NDVI from May to October. It can be clearly indicated that the algal bloom develops from May, reaching its peak in September, and then slightly decreases in October. This trend is highly accordant with the temperature trend of the Chaohu Lake area. The algal bloom first concentrates at the northwestern part of the lake (June), and then spreads to the lake center (July and August) and the whole lake (September). Besides, the lake edge and tributaries have relatively higher NDVI values than the lake center, even in May when there is almost no algal bloom throughout the lake. This indicates that algal bloom of Chaohu Lake originates from the lakeside, and is mainly imported from lake tributaries. The upper reaches of the three northwestern tributaries, Nanfei river, Paihe river, and Shiwuli river (Figure 1), flowing through Hefei City, which is the capital city of Anhui province with a population over 5.7 million, brings massive nutrients that trigger algal bloom at the northwestern lake area. This inference is also proved in relative studies. It is concluded that nutrient and climate conditions are two dominant issues for algal blooms of Chaohu Lake (Li et al., 2019), while Chen and Liu (2014) stated that tributaries bring 68.5% and 76.5% of nutrients (TN and TP) into Chaohu Lake; three northwestern rivers: Nanfei river, Paihe river, and Shiwuli river have the highest comprehensive pollution index among all tributaries.
[image: Figure 7]FIGURE 7 | Monthly maximum NDVI distribution of Chaohu Lake, 2011-2020.
4.1.2 Gini Coefficient and Lorenz Asymmetry Coefficient

1) Gini coefficient and Lorenz asymmetry coefficient results
The Gini coefficients (G) and Lorenz asymmetry coefficients (S) of 61 images are shown in Figure 8. G varies from 0.04 to 0.2, indicating a diverse unevenness of algal bloom. There are 53 cases with S > 1, accounting for 87% of the total 61 cases. Recalling that S implies the source of unevenness, this reveals that the algal bloom unevenness of Chaohu Lake is mostly due to the small amount of high NDVI value areas, in other word, the tiny severe algal-concentrated areas.
2) Comprehensive discussion using mean NDVI and G
[image: Figure 8]FIGURE 8 | Gini coefficients and Lorenz asymmetry coefficients from 2011 to 2020.
By coupling mean NDVI and G, we can categorize the spatial distribution of algal bloom into four types: heavy and uneven type, heavy and even type, light and uneven type, and light and even type. Figure 9 shows the four types with representative examples for each type. The heavy and even type and light and uneven type are in the majority, accounting for 53 cases among all 61 cases. In addition, it can be clearly found that G can be diverse in different cases even if they have the same mean NDVI, and mean NDVI can be diverse in different cases even if they have the same G. This demonstrates that univariate assessment is insufficient to describe the distribution of algal bloom. These four types of algal bloom distribution characterized by mean NDVI and G are helpful in identifying the distribution patterns of algal bloom and taking targeted measures.
3) Comprehensive discussion using mean NDVI, G, and S
[image: Figure 9]FIGURE 9 | Four types of algal bloom characterized by mean NDVI and G with example images.
In order to analyze the integrated assessment of mean NDVI, G, and S, four distribution maps are chosen from 61 images as examples: 1. minimum G (2014.08.21); 2. maximum G (2017.08.25); 3. minimum mean NDVI value (2019.05.23); and 4. maximum mean NDVI value (2019.10.29). Their NDVI distributions, Lorenz curves, mean NDVI, G, and S are shown in Figure 10.
[image: Figure 10]FIGURE 10 | Examples of algae distribution with (A) maximum and minimum G, and (B) maximum and minimum mean NDVI.
The lowest and highest G (Figure 10A) occurred on 2014.08.21 and 2017.08.25, respectively. The NDVI map from 2014.08.21 has only sporadic high NDVI cells, emerging with an even algae distribution. In contrast, NDVI on 2017.08.25 is quite diverse as the northwestern part of the lake and lake side had significantly high NDVI, while NDVI in the lake center kept at a low level. This diversity is the reason for the high G value.
The minimum and maximum mean NDVI, (Figure 10B) which is −0.31 and 0.80, occurred on 2019.05.23 and 2019.10.29, respectively. Note that the NDVI value ranges within [−1,1], thus an average of 0.80 in NDVI indicates severe algal bloom. Algae coverage on 2019.10.29 reached 69%, while on 2019.05.23 was only 10%. However, it is interesting that their Gini coefficients are indeed the same although the NDVI difference is huge, because the Gini coefficient is related to the percentage quantiles but not the NDVI value itself.
Lorenz asymmetry coefficients (S) of the four cases are greater than 1, revealing that the unevenness of the algal bloom distribution of four cases is mainly due to the small amount of large NDVI grid cells. S value on 2014.08.21 was the greatest among the four images, revealing that the very small areas with highest NDVI in the map, are the reason for unevenness. In conclusion, mean NDVI, G, and S form a comprehensive description indicator system describing the severity and spatial distribution of algal bloom, thus providing an alternative way to quantitatively assess multiple remote sensing images.
4.2 Temporal Analysis of Algal Bloom
4.2.1 General Temporal Distribution Based on Frequency Analysis
By deriving the NDVI time series data of each grid cell, temporal analysis is carried out to reveal the change trend of algal bloom distribution for each grid cell. Here, the occurrence frequency map that consists of the frequency of each grid is derived. The frequency of grid i, [image: image], is denoted by:
[image: image]
where [image: image] represents counts of images with [image: image] >0 for grid i; [image: image] represents the number of total images, which is 61 in this study. [image: image] >0 is regarded as the indication of algal bloom occurrence. The frequency map is calculated and drawn, as shown in Figure 11.
[image: Figure 11]FIGURE 11 | Algal bloom frequency map for each grid cell (number of grid cells: 850).
It is clearly indicated from Figure 11 that the northwestern part of the lake and lake edge have significantly high frequency in algal bloom. In addition, almost all tributary estuaries (tiny branches at the lake sides) have a much higher frequency than the lake center. Similar conclusions are inferred in Zhang et al. (2015) and Liu et al. (2017) where the northwestern part of the lake has the highest frequency of algal bloom during 2000–2013, and the primary source of algal bloom is tributary and lakeshore imports.
In the northwestern part of the lake, algal bloom frequency gradually decreases from the lake side to the lake center. By reviewing NDVI distribution images, the reason is the occasional spread of algal bloom from the lake side to the lake center. Severe algal bloom may spread from the northwestern lake edge to the lake center, and the nearby northwestern lake area suffers.
4.2.2 Gini Coefficient and Lorenz Asymmetry Coefficient

1) Gini coefficient and Lorenz asymmetry coefficient results
The Gini coefficients and Lorenz asymmetry coefficients for each grid are shown in Figure 12A indicates that the Gini coefficient varies from 0.03 to 0.15 throughout the lake. In contrast with results of mean NDVI and frequency, the lake edge, where both frequency and mean NDVI are high, has the lowest G. This is because the lake edge area has a “stable and high” NDVI value during 2011–2020, and a stable NDVI level means low variance and low G. In contrast, the lake center has a relatively mixed G value, which is due to a high variance of NDVI values caused by occasional algal bloom occurrences.
[image: Figure 12]FIGURE 12 | Map of (A) Gini coefficient and (B) Lorenz asymmetry coefficient for each grid cell.
Lorenz asymmetry coefficient S is divided and presented into two categories: S > 1 and S < 1, shown in Figure 12B. It can be clearly observed from Figure 12B that grid cells with S > 1 concentrate in the northwestern and northeastern areas, with a total of 124 grid cells. It means that the unevenness of these areas is due to the most severe occurrences among the 61 occurrences. In other words, these areas had a few extraordinarily severe algal bloom events, and these events caused the distribution unevenness in the temporal dimension.
2) Discussion on the sources of unevenness with S > 1.
Areas with S > 1 are more concerning in this study, as they imply the unevenness is due to high NDVI value occurrence which indicates severe algal bloom occurrences. Therefore, for the 124 grid cells with S > 1, the occurrences that contribute most to the unevenness of each grid cells are singled out. If one occurrence is responsible for multiple grid cells, the frequency is recorded by counts. We found that 39 occurrences were responsible for the unevenness of S > 1, as shown in Figure 13. Let us only take the occurrences with highest count for example, where the occurrence on 2019.10.29 involved 82 counts of all 124 grid cells. It implies that the algal bloom event on 2019.10.29 was a significant outlier that was responsible for the temporal unevenness of 2/3 grid cells. It is not surprising because the occurrence on 2019.10.29 was also mentioned in Figure 10B as the highest mean NDVI during 2011–2020. Also, this event was reported by the Department of Ecology and Environment of Anhui Province, and described as a “partial bloom”, which is much rarer and more serious than “sporadic bloom” that often occurs (Department of Ecology and Environment of Anhui Province).
[image: Figure 13]FIGURE 13 | Counts of dates that contribute to unevenness of grid cells with S > 1.
It can be inferred from the above analysis that the Gini coefficient combined with the Lorenz asymmetry coefficient is able to quantify algal bloom distribution spatially and temporally and examine the origination of unevenness by “overlapping” numerous algal bloom events. Therefore, it provides a quantitative and useful guideline for researchers and operators to rank or evaluate numerous algal bloom occurrences over time, and track influence factors for algal blooms in specific lake areas.
4.3 Comparison of the Gini Coefficient and Lorenz Curve With Other Statistical Coefficients
Since the Gini coefficient and Lorenz curve are descriptions of unevenness of distribution, there are some existing coefficients that also describe the degree of data variations, such as variance and standard deviation. As analyzed in Masaki et al. (2014) and Milanovic (1997), the Gini coefficient is proportional to the coefficient of variation and standard deviation. Also, the Lorenz curve has similarities with cumulative distribution curve (CDF) in statistics, but they have not been compared as far as we know. Hereby, the relationship and distinction between these variables are explored using the dataset in this study.
4.3.1 Comparison Between Gini Coefficient With Other Statistical Coefficients
Fitting performance between G ∼ variance and G ∼ standard deviation based on spatial and temporal results are derived and shown in Figure 14 and Figure 15, respectively. The results show that the Gini coefficients in this study also have fine relationships with variance and standard deviation. The regression function type is the same as the results from Masaki et al. (2014), that is, a linear relationship between G and standard deviation, and polynomial relationship between G and variance. Nevertheless, the coefficient G has an outstanding feature over the other two coefficients: the G value is normalized to [0,1] regardless of the value of samples data, which allows it to be used as a universal indicator for all cases.
[image: Figure 14]FIGURE 14 | Relationships between (A). G ∼ variance and (B). G ∼ standard deviation of spatial distribution (sample size: 61).
[image: Figure 15]FIGURE 15 | Relationships between (A). G ∼ variance and (B). G ∼ standard deviation of temporal distribution (sample size: 850).
4.3.2 Comparison Between Lorenz Curve With CDF Curve
The CDF curve, which is derived by aggregating the NDVI value in ascending order and its corresponding non-exceedance probability, can also ascertain the variability of samples in the form of curves. Here, the four NDVI distributions in Figure 10 are taken as a study example to compare the performances of CDF and Lorenz curves. Figure 16 shows the results of CDF and Lorenz curves for each distribution.
[image: Figure 16]FIGURE 16 | Comparison between CDF curve and Lorenz curve.
Figure 16 shows that both the CDF curve and Lorenz curve can reveal the variability features of spatial distributions. However, the CDF curve has similar limitations with variance and standard deviation in that it is not a universal coefficient, for its vertical axis (NDVI) varies with the NDVI values. The Lorenz curve, however, has an axis of cumulative percentage that is restricted within [0, 1]. Besides, the features of the Lorenz curve can be interpreted by the Gini coefficient and Lorenz asymmetry coefficient. By these two coefficients we can easily judge various distributions without comparing the curves. However, it is not convenient to compare various CDF curves as there is no such scalar coefficient to describe curve features. Although the CDF curves in Figure 16 are very diverse and it is easy to tell the difference, it could be confusing in comparing various sample sets with similar distributions. In conclusion, the Lorenz curve outperforms the CDF curve in assessment analysis for its regularization and comparability.
5 CONCLUSION
This paper examined the characteristics of algal bloom distribution between 2011 and 2020 using mean NDVI, Gini coefficient, and Lorenz asymmetry coefficient of Chaohu lake, China. By dividing 61 remote sensing images into equidistant grid cells, statistical analysis can be carried out based on grid cell data to explore spatial and temporal distribution and trend in a quantitative way. Results suggest that algal bloom is severe at the lake edge and northwestern part of Chaohu Lake owing to tributary and lakeside nutrient imports. Lorenz asymmetry coefficient is applied to detect the source of unevenness, and the primary source of spatial distribution unevenness is the small area with very high NDVI values. Temporal analysis shows that the northwestern part and lake edge has very high algal bloom frequency but low Gini coefficient, indicating a stable and severe algal bloom situation. Lorenz asymmetry coefficient reveals that unevenness in the 124 grid cells concentrated in the northwestern and eastern parts of the lake is due to the most severe algal bloom occurrences.
Analysis in this paper indicates that mean NDVI, Gini coefficient, and Lorenz asymmetry coefficient can comprehensively and quantitively describe the distribution characteristics of lake algal bloom, while any single coefficient is one-sided and insufficient to accurately depict the distribution information. The algal bloom distribution may be different even if they have the same mean NDVI or Gini coefficient. The compound assessment method could allow researchers to identify algal bloom distribution patterns as well as sources to the unevenness. Possible extensions of this work will include the analysis of connections between algal booms and meteorological factors for the selected extreme occurrences, and the application of the methodology to assessment in other spatial distributions.
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