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Global damming of rivers strongly impacts the transport and characteristic of sediment, resulting in a significant reduction in the suspended sediment content (SSC) flowing into the downstream. The reduction in SSC may influence chlorophyll-a (Chl-a) concentrations in water, thereby further affecting the aquatic ecological environment. However, the effect of reduced SSC on Chl-a is poorly studied. Here, we compared and analyzed the distribution conditions of Chl-a in 6 representative years for both before the implementation of Three Gorges Dam (TGD) (BIT) and after the implementation of TGD (AIT), using the TM/OLI data and NIR-red inversion model. The findings showed that, from BIT to AIT, the area proportion of ultraoligotrophic state significantly decreased, while the area proportion of oligotrophic, mesotrophic, and eutrophic states significantly increased, with eutrophic state observed for the first time in 2017. Additionally, a significant correlation between Chl-a concentration and SSC was found. The area proportion of ultraoligotrophic state was positively correlated with SSC, while oligotrophic and mesotrophic states were negatively correlated with SSC. The reduction in SSC enhanced water promoting phytoplankton growth and consequently increasing Chl-a concentrations. This study highlights the spatiotemporal variations of Chl-a dynamics in DL before and after the operation of the TGD and discusses the impacts of SSC on water trophic states and the ecosystem. The findings provide valuable scientific insights for large-scale lake water quality monitoring and offer critical reference points for future water quality management strategies.
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1 Introduction


Global damming of rivers significantly affects natural wetlands (Douterelo et al., 2009; Wu et al., 2019). As vital aquatic ecosystems, wetlands deliver indispensable ecological services to human communities while significantly contributing to biodiversity conservation and the stability and resilience of the global ecosystem (Wu et al., 2021; Zhang et al., 2014). The presence of dams disrupts sediment transport pathways and deposition processes, leading to a reduction in the sediment content flowing downstream. The suspended sediment content (SSC) is one of the crucial factors controlling the wetland ecological environment and plays an essential role in sustaining wetland ecosystem (Hou et al., 2024; Ganju et al., 2015).


Dongting Lake (DL) is the second freshwater lake in China, offers a wealth of freshwater and wetland resources (Yuan et al., 2021). In recent years, the hydrological conditions of DL have undergone significant changes due to the influence of the Three Gorges Dam (TGD). TGD significantly reduces the content of discharged sediment, especially suspended sediment (Kondolf et al., 2014), through mechanisms such as intercepting upstream sand, slowing down water flow to promote sediment settlement, and releasing clean water during regulation and storage (Yang et al., 2018). The operation of TGD effectively changed the sediment transport pattern of the Yangtze River, significantly reducing the sediment load in the middle and lower reaches and estuary areas (Gao et al., 2021; Tian et al., 2021; Zhang et al., 2025). The construction of TGD lead to the accumulation of a significant amount of suspended sediment in the upper reaches (Geng et al., 2021; Yang et al., 2018), consequently resulting in a reduction of SSC in the downstream rivers or lakes (Gardner et al., 2023; Kondolf et al., 2014; Syvitski et al., 2005). Many studies have demonstrated that SSC is closely associated with Chl-a dynamics in aquatic ecosystems. Chen et al. (2017) reported that the impoundment of the TGD has significantly influenced Chl-a dynamics in the Yangtze River estuary, primarily by reducing sediment loading and altering the spatial distribution of high Chl-a concentrations. Sediments are carriers of nutrients, and under different environmental conditions, nutrients can be adsorbed onto or released from particles (Coimbra et al., 2021). Especially under hypoxic or reducing conditions (Atique and An, 2020; Chen et al., 2017), the release of bound phosphorus from sediments may have a significant impact on eutrophication (Jiang et al., 2020). Meanwhile, reduced SSC has the potential to enhance light transmittance, which may prolong light exposure in the water and potentially influencing Chl-a concentration (Kallio et al., 2015; Liu et al., 2023; Xiao et al., 2023). Therefore, changes in SSC may directly or indirectly affect Chl-a concentration through light limitation and nutrient availability, thereby impact the water quality and ecological health of the lake (Heydari et al., 2024). Additionally, DL has a long hydraulic residence time, which favors the accumulation of nutrients and the growth of phytoplankton (Fan et al., 2024). Combined with the influence of SSC on light availability and nutrient transport, these conditions can exacerbate eutrophication and pose potential risks to water quality and ecological safety. As a crucial indicator, Chl-a is a pigment that exists in all algal species (Shen et al., 2022a), which can represent algal biomass and the extent of eutrophication (Ali et al., 2022). Therefore, this study provides valuable insights into eutrophication processes in lakes with long hydraulic residence times and varying sediment conditions, offering scientific guidance for lake water quality protection and ecological risk management.


Although the traditional Chl-a detection method has the advantage of high precision, the water quality information obtained is very scattered (Zhao et al., 2024). Insufficient field data is available for the majority of lakes worldwide because of the limitations in spatial coverage (Plisnier et al., 2023; Stanley et al., 2019). Satellite observations can provide a reference for monitoring water quality in a wide range of spatial and temporal dimensions (Cao et al., 2022), thus saving time and effort in high-frequency monitoring (Torres-Pérez et al., 2021). In the past several years, many researchers have begun to apply remote sensing on monitoring Chl-a concentration in lakes worldwide (Wang et al., 2018). For example, Shi et al. (2023) used the generalized additive model (GMA) to research the seasonal variation of Chl-a and the influence of transparency, TP, TN, conductivity and other factors on Chl-a in Wuliangsuhai Lake. Rodríguez-López et al. (2020) computed spectral indices via using Landsat images and built a novel regression model to evaluate the Chl-a concentration in Chilean Laja Lake. Consequently, remote sensing technology offers a more efficient and comprehensive tool for monitoring the spatiotemporal dynamics of Chl-a in aquatic ecosystems over large areas, enhancing our ability to provide robust and extensive monitoring data for these ecosystems.


Therefore, this study, using TM/OLI data and classical NIR-red model, compared the Chl-a concentration in DL before the implementation of TGD (BIT) and after the implementation of TGD (AIT) to investigate the impact of reduced SSC on Chl-a. The specific objectives are as following: (1) to investigate the impact of the decreasing of SSC on Chl-a; and (2) to provide references for water quality monitoring of lakes and the response to the changes of hydrological situation.






2 Study area and methods





2.1 Study area


DL (28°30′–29°38′ N, 112°18′–113°15′ E) is situated on the southern bank of the middle and lower reaches of the Yangtze River (
Figure 1
), encompassing a total area of approximately 2691km2 (Wu et al., 2015), is the second largest freshwater lake in China (Wu et al., 2020; Xiong et al., 2024). DL is among the most significant ecological wetland in the world (Wu et al., 2024), plays a pivotal role in the regulation of water resources, protection of ecological diversity and sustainability (Wu et al., 2019, 2017). The annual average SSC existed significant difference (p < 0.001) from BIT to AIT in DL, with the higher SSC of BIT than AIT (
Figure 2
). The annual average SSC of DL during 1991–2005 is 0.3078 kg/m3, and the annual average SSC during 2006–2021 is 0.0674 kg/m3 (Geng et al., 2024; YRWRC, 2007, 2008, 2009, 2010, 2011, 2012, 2013, 2014, 2015, 2016, 2017, 2018, 2019, 2020, 2021, 2022).


[image: Map showing Dongting Lake in Hunan Province, China, with satellite imagery highlighting water bodies and land. Key locations, including Dongting Lake and the Yangtze River, are marked with red dots labeled S1 to S10. Insets indicate the regional location within China and Hunan Province.]
Figure 1 | 
Location of Dongting Lake (DL) and the position of each hydrology stations.




[image: Bar graph and map illustrating trophic states. Panel A shows percentage of different trophic states from 1991 to 2017, with decreases in ultraoligotrophic levels and increases in oligotrophic and mesotrophic levels. Panel B is a map using similar colors to depict spatial distribution of these trophic states in a geographical region.]
Figure 2 | 
The average annual suspended sediment content (SSC) of DL during 1991 to 2021.








2.2 Datasets


Satellite images and existing hydrological data were utilized in our study. The satellite images from Landsat sensor and hydrologic data from DL Hydrology Station were employed in this study. Considering the availability of satellite images and the hydrological data, the satellite images from 2006, 2007, 2008, and 2009 (a total of 38 available samples from 11 sites) and data of chlorophyll-a (Chl-a) concentration were selected for establishing the Chl-a inversion model. The data sample points are shown in 
Figure 1
. In addition, 1991, 1995, and 2000 year were chosen as the BIT’s representative. While 2010, 2011 and 2017 year were chosen as the AIT’s representative.


In this study, the satellite data, including TM and OLI of Landsat sensor, were downloaded from the website (http://www.usgs.gov/) of USGS and the data of suspended sediment was obtained from the Yangtze River Water Resources Commission (YRWRC, 2006, 2007, 2008, 2009, 2010, 2011, 2012, 2013, 2014, 2015, 2016, 2017, 2018, 2019, 2020, 2021, 2022) and Geng et al. (2024). The annual SSC of DL reaches its peak in flood season, that can best reflect its level of that year (Geng et al., 2022; Yu et al., 2018). Therefore, our study used satellite images of flood season in each year. To ensure the availability of satellite images, 12 scenes of Landsat images, listed in 
Supplementary Table S1
, were specifically selected for Chl-a inversion.






2.3 Methods





2.3.1 Satellite image pretreatment and water extract


The preprocessing of satellite image contained Radiometric Calibration and Atmospheric Correction. Therefore, Radiometric Calibration module and the fast line of sight atmospheric analysis of spectral hypercubes (FLAASH) model in ENVI software (version 5.6) were utilized to achieve the preprocessing of remote sensing image. The water information derived from the normalized difference water index (NDWI) proposed by McFeeters (1996) is often contaminated with the buildup land noise, leading to an overestimation of the water area. To reduce or eliminate the effects of the noise, the modified NDWI (MNDWI) is used to extract the water area (Xu, 2006). The MNDWI is exhibited as shown in Equation 1:



M
N
D
W
I
=
(
G
R
E
E
N
−
S
W
I
R
)
/
(
G
R
E
E
N
+
S
W
I
R
)


(1)


where Green represents a green band and SWIR represents a shortwave infrared band.






2.3.2 Construction and accuracy verification of the Chl-a concentration inversion model


Our study employed the classical NIR-red model to establish a Chl-a concentration inversion model by using the measured Chl-a concentration data in monitoring stations of DL as the dependent variable and the remote sensing reflectance obtained after band ratio treatment as the independent variable (Brezonik et al., 2005; Poddar et al., 2019). Moreover, the measured data and band reflectance were subjected to Pearson correlation analysis, and the accuracy of the inversion model was further validated under the condition of significant correlation (p < 0.05).


To ensure the reliability of this study, the determination coefficient (R2), root mean square error (RMSE), mean relative error (MRE) and mean absolute error (MAE) were utilized to evaluate the inversion accuracy of the model. The aforementioned indicators are computed as shown in Equations 2–5:
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 is the average of e, n is the number of samples, subscript i is the serial number of each sample point.


The final inversion model for Chl-a concentration in DL during the flood season will be determined based on its ability to meet the required level of inversion accuracy. If the current inversion model fails to meet this level of accuracy, an alternative satellite image will be selected and utilized to establish a new inversion model until the desired level of accuracy is achieved.






2.3.3 Classification of trophic state


If Chl-a concentration is used as the research standard, it can only reflect the change at a single point. Besides, the changes of Chl-a concentration across numerous adjacent points in a large area are complex and varied, making it challenging to quantify the overall dynamics of Chl-a in an extensive region. To address this issue, in this study, different Chl-a concentration ranges were categorized into distinct trophic states and analyzing the variations within each state to reveal the comprehensive Chl-a dynamics in DL (Rotta et al., 2021). The classification of trophic state was shown in 
Supplementary Table S2
. According to the classification level, the inversion images were reclassified by ArcGIS software (version 10.7).






2.3.4 Applying landscape pattern indices and layer superposition


The landscape pattern indices which were used in this study were class metrics. The class metrics indices include percent of landscape (PLAND), largest patch index (LPI), aggregation index (AI) and landscape division index (DIVISION). The calculation of the aforementioned landscape pattern indices for DL were conducted by using Fragstats software (version 4.3). Additionally, the layer superposition method was utilized to explore changes in Chl-a concentration before and after reducing SSC in DL.







2.4 Data analysis


Linear regression analysis and ANOVA were employed to analyze the impact of reduced suspended sediment content on overall Chl-a concentration in DL. The analyses were finished utilizing SPSS software (version 27).







3 Results





3.1 Molel for inverting Chl-a concentration


A total of 38 remote sensing reflectance obtained from band processing were input into the inversion model to get access to the Chl-a estimation results, which were then compared with the measured data from these monitoring stations. The formula and indexes of the model are presented in 
Figure 3
. The inversion error falls within an acceptable range (p < 0.001, R2 = 0.498, RMSE= 0.403 mg/m3, MRE=19.5%, MAE= 0.302 mg/m3), indicating that the model exhibits reliable Chl-a inversion performance to some extent during DL flood season.


[image: Maps depicting trophic state changes of a geographic region from 1991 to 2017. Colors represent ultraoligotrophic (light blue), oligotrophic (blue), mesotrophic (orange), and eutrophic (red) states, showing temporal shifts in nutrient levels and ecological conditions over six key years: 1991, 1995, 2000, 2010, 2011, and 2017.]
Figure 3 | 
Scatter plot of measured and inversion values of Chl-a in DL.








3.2 The distribution and variation of Chl-a


Trophic state classification maps for each representative year were shown in 
Figure 4
. The findings indicated that the Chl-a concentration was the highest in East DL, where ultraoligotrophic and oligotrophic states prevailed. In contrast, South and West DL exhibited lower Chl-a concentrations and were characterized primarily by ultraoligotrophic conditions. The average Chl-a concentrations in DL were 0.76, 0.89, and 1.25  μg/L during the BIY, and 1.65, 1.55, and 1.62  μg/L during the AIY, respectively. ANOVA results showed that the average Chl-a concentration in AIY was significantly higher than that in BIY (p  <  0.05). Furthermore, the area proportion of each trophic state in every representative year was shown in 
Figure 5A
. There was a significant difference in Chl-a concentration between BIT and AIT in DL. From BIT to AIT, the percentage of ultraoligotrophic area was significantly decreased (p < 0.05), decreasing from 76.49% to 31.58%, while the percentage of oligotrophic, mesotrophic and eutrophic area were significantly increased (p < 0.05), oligotrophic and mesotrophic states respectively rose from 23.08% and 0.43% to 62.87% and 5.35%, and the eutrophic state was only observed in 2017 of DL. Besides, layer superposition was utilized to reveal the changing trend of Chl-a concentration in DL and the result was shown in 
Figure 5B
. The findings showed that, from BIT to AIT, the Chl-a concentration increased in most regions of East DL and South DL, but decreased in West DL. Generally, the Chl-a concentration in DL represented an increasing trend. In addition, the class metrics indices of the DL water with BIT and AIT were shown in 
Figure 6
. From BIT to AIT, in DL, the reduction in SSC led to a significant difference (p < 0.05) of PLAND in every trophic states. Furthermore, the reduction in SSC also resulted in a significant decrease (p < 0.05) of LPI and AI of ultraoligotrophic state, a significant increase (p < 0.05) of LPI of oligotrophic state and a significant rise (p < 0.05) of DIVISION of ultraoligotrophic state. These changes in these indices suggested that the reduction in SSC has an obvious impact on the Chl-a concentration in DL.


[image: Four bar charts comparing BIT (red) and AIT (blue) across three trophic states: ultraoligotrophic, oligotrophic, and mesotrophic. The top-left chart shows PLAND, top-right LPI, bottom-left AI, and bottom-right DIVISION. Significant p-values are noted on each chart, indicating differences in the metrics across BIT and AIT.]
Figure 4 | 
The distributions of each trophic state of before the implementation of TGD (BIT) and after the implementation of TGD (AIT) in DL during flood season.




[image: Chart A shows a line graph of average annual SSC (kg/m³) from 1991 to 2021, with a downward trend. Chart B is a scatter plot with trend lines, depicting the area proportion of ultraligotrophic, oligotrophic, and mesotrophic states against SSC. It shows an increase in ultraligotrophic and a decrease in oligotrophic states as SSC rises, with shaded areas indicating confidence intervals.]
Figure 5 | 

(A) The area proportion of each trophic state in every representative year. (B) The result of layer superposition, red represents an increase in Chl-a concentration and blue represents a decrease in Chl-a concentration.




[image: Scatter plot showing the relationship between measured and inversion values (mg/m³). Data points display a positive trend with a regression line equation of y = 0.4982x + 0.7346. The R² value is 0.4982, p-value is less than 0.001, RMSE is 0.403 mg/m³, MAE is 0.302 mg/m³, and MRE is 19.5%.]
Figure 6 | 
The class metrics indices (mean ± SD) of each trophic state for BIT and AIT in DL. P value of the difference between BIT and AIT are shown above the columns.








3.3 Relationship between Chl-a and SSC


Linear regression analysis was utilized to reveal the relationship between Chl-a and SSC (
Figure 7
). Notably, we found that there is a close interaction between Chl-a and SSC. The area proportion of ultraoligotrophic state was positively correlated with SSC (R2
 = 0.8827, p < 0.01), while oligotrophic (R2
 = 0.8322, p < 0.05) and mesotrophic (R2
 = 0.8414, p < 0.01) states were negatively correlated with SSC. Consequently, the recent rise in Chl-a concentration in DL was likely attributable to the reduction in SSC. In addition, the average concentration of Chl-a was significantly negatively correlated with SSC (r = -0.953, p < 0.01).


[image: Scatter plot with regression lines showing the area proportion of ultraligotrophic, oligotrophic, and mesotrophic grades against SSC. Ultraligotrophic (blue) has a positive trend, oligotrophic (orange) decreases, and mesotrophic (green) is relatively stable. Shaded areas indicate confidence intervals.]
Figure 7 | 
The results of linear regression analysis of the trophic state and SSC.









4 Discussion





4.1 Performance of the Chl-a inversion model


Due to the varying water environmental characteristics of different lakes, the study bands differ accordingly. Dall’Olmo and Gitelson (2006) recommended adjusting the spectral band positions to identify the most suitable band for the specific study area. The NIR-red model holds significant potential for estimating Chl-a (Gurlin et al., 2011). The NIR-red model is employed and the parameter indexes indicated that the NIR-red model demonstrated excellent performance in estimating Chl-a concentrations during the flood season in DL (p < 0.001, R2 = 0.498, RMSE= 0.403 mg/m3, MRE=19.5%, MAE= 0.302 mg/m3). This band combination is suitable for Chl-a monitoring in DL, likely due to the sensitivity of infrared and near-infrared bands to changes in light absorption and scattering by phytoplankton under the water quality conditions of DL. Consequently, the remote sensing reflectance data from these bands can effectively capture the correlation between Chl-a concentrations and relevant spectral features (Tran et al., 2023; Wang et al., 2023a). The stability of the model revealed the significant potential of remote sensing technology for sustained and large-scale water quality monitoring in lakes.






4.2 Impacts of SSC on Chl-a


Driven of economic development and human activities, eutrophication and massive algal growth seriously threaten many lakes (Duan et al., 2024), rivers (Tian et al., 2024), and reservoirs (Gao et al., 2018). Sediments are important carriers of nutrients, and their adsorption and release are regulated by environmental conditions (Coimbra et al., 2021). Under hypoxic or reducing conditions, the release of bound phosphorus from sediments can exacerbate eutrophication of water bodies (Atique and An, 2020; Chen et al., 2017). In addition, the reduced SSC can increase light transmittance, prolong light exposure time, and potentially affect the concentration of Chl-a (Kallio et al., 2015; Liu et al., 2023; Xiao et al., 2023). This study demonstrated that the reduction in SSC from BIT to AIT coincided with a substantial decline in the ultraoligotrophic state and a corresponding increase in oligotrophic, mesotrophic and eutrophic states, indicating the Chl-a concentration in DL is closely associated with SSC. Through linear regression analysis, the area proportion of ultraoligotrophic state was positively correlated with SSC, while the area proportion of oligotrophic and mesotrophic states were negatively correlated. This suggests that lower SSC create conditions conductive to higher Chl-a concentration and an increase in trophic state, which is similar with Feng et al. (2014). SSC plays a crucial role in regulating Chl-a concentration, with its impact on water light conditions being the most significant. Chl-a is the main indicator of phytoplankton biomass, which directly reflects the primary productivity and nutritional status of lakes (Alizamir et al., 2021; Park et al., 2022). Firstly, higher level of SSC in BIT decreased light penetration in the water column, which limiting the intensity of photosynthesis (Teffera et al., 2019). Consequently, phytoplankton growth is inhibited, leading to lower Chl-a concentrations. By contrast, the reduction of SSC in AIT enhanced light penetrability and created a more favorable environment for phytoplankton, which reflecting higher Chl-a concentration (Dejen et al., 2017). Furthermore, through layer superposition, from BIT to AIT, the increasing of Chl-a concentration in most areas of East and South DL was observed, indicating a greater risk of eutrophication in East and South DL and the Chl-a concentration decreased in most areas of West DL. Studies have shown that both water age and concentrations of total phosphorus (TP) and total nitrogen (TN) are relatively low in West DL but higher in East DL (Long et al., 2024). A shorter water age can inhibit the accumulation of algae and nutrients, thereby suppressing eutrophication. In addition, the hydrodynamic characteristics of the lake also influence water quality. The water flow direction in DL is from west to east, and the accelerated water flow facilitates the transport of pollutants from West and South DL to the more severely polluted East DL (Geng et al., 2021). Furthermore, low flow velocities and poor water exchange in East DL lead to the retention of large amounts of pollutants (Geng et al., 2023), resulting in poor water quality and elevated Chl-a concentrations. And this phenomenon may also be related to the weak human social activities and external nutrient influx (Nong et al., 2024). On the whole, the Chl-a concentration of DL is showing an increasing trend, which supports the thesis of the decrease in SSC leads to the increase in Chl-a concentration of the time scale. The potential nutritional sources and ecological consequences of this phenomenon need further investigation.


The aforementioned discussions examine the temporal impact of SSC on Chl-a, while the class metrics elucidates the spatial impact of SSC on Chl-a. The PLAND, LPI and AI of ultraoligotrophic state decreased significantly and the DIVISION of ultraoligotrophic state increased significantly. This suggests that the area proportion of ultraoligotrophic state has markedly declined, indicating that this state is no longer predominant and its connectivity is reduced, which may lead to a fragmentation trend of ultraoligotrophic areas. Conversely, the PLAND of oligotrophic and mesotrophic states and the LPI of oligotrophic state increased significantly, while other indices showed no significant changes, indicating the proportions of oligotrophic and mesotrophic states have increased may due to the transformation of ultraoligotrophic regions. These two trophic states are relatively stable, with a low likelihood of transitioning to other states. Above changes reveal that the reduction of SSC has led to a spatial reorganization of Chl-a in DL. Spatially, the eastern region of DL consistently displayed the highest Chl-a concentrations, while the southern and western regions maintained relatively low Chl-a concentrations. These spatial variations are likely influenced by regional differences in water exchange rates, sediment transport, fluid dynamics, and external nutrient inputs (Huang et al., 2021; Katz et al., 2018; Liu et al., 2017). Temporally, through ANOVA, a significant shift from BIT to AIT was observed. The area proportion of ultraoligotrophic state decreased significantly, while the area proportion of oligotrophic, mesotrophic and eutrophic states increased significantly, suggesting a trend toward eutrophication in DL. Notably, we observed the onset of eutrophic conditions in 2017, indicating a potential increase in nutrient enrichment. This acceleration of eutrophication is alarming, as it is frequently linked to ecological disaster such as blooms and diminished biodiversity (Dai et al., 2023; Heisler et al., 2008).


The findings of this study underscore the critical role of SSC in regulating the trophic state represented by Chl-a in DL. DL plays a crucial role in maintaining the ecological environment by degrading pollutants and storing soil (Wang et al., 2023b; Wu et al., 2021). The trend of eutrophication resulting from reduced SSC is a cause for concern regarding potential water quality degradation and an elevated risk of harmful algal blooms. These changes in Chl-a may influence phytoplankton populations and ecological functions, which needs further research. Consequently, this study offers a valuable framework for long-term and large-scale monitoring of lake Chl-a combining the change of hydrological conditions. Furthermore, it is essential to consider factors such as sediment dynamics and nutrient inputs to develop comprehensive water quality management strategies (Shen et al., 2022b).







5 Conclusions


In this study, we investigated the variations of Chl-a in representative years of BIT and AIT, and combined it with SSC for analysis to explore the influence of reduced SSC on Chl-a. The results demonstrated a significant correlation between Chl-a and SSC. The ultraoligotrophic state indicated a significant positive correlation with SSC, whereas other trophic states were significantly negatively correlated with SSC. From BIT to AIT, recombination occurred among all trophic states, the proportion of ultraoligotrophic state decreased significantly, while the proportions of other trophic states increased significantly. Additionally, the Chl-a concentration in DL showed an overall increasing trend and the Chl-a levels in East DL consistently exceeded those in West and South DL. This alteration in nutrient status, represented by Chl-a, may promote eutrophication and further affect the water quality and biological activities of DL.
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