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Abstract: Transparency is an important indicator of water quality and the underwater light

environment and is widely measured in water quality monitoring. Decreasing transparency occurs

throughout the world and has become the primary water quality issue for many freshwater and

coastal marine ecosystems due to eutrophication and other human activities. Lake Hongze is

the fourth largest freshwater lake in China, providing water for surrounding cities and farms but

experiencing significant water quality changes. However, there are very few studies about Lake

Hongze’s transparency due to the lack of long-term monitoring data for the lake. To understand

long-term trends, possible causes and potential significance of the transparency in Lake Hongze,

an empirical model for estimating transparency (using Secchi disk depth: SDD) based on the

moderate resolution image spectroradiometer (MODIS) 645-nm data was validated using an in

situ dataset. Model mean absolute percentage and root mean square errors for the validation

dataset were 27.7% and RMSE = 0.082 m, respectively, which indicates that the model performs well

for SDD estimation in Lake Hongze without any adjustment of model parameters. Subsequently,

1785 cloud-free images were selected for use by the validated model to estimate SDDs of Lake Hongze

in 2003–2017. The long-term change of SDD of Lake Hongze showed a decreasing trend from 2007 to

2017, with an average of 0.49 m, ranging from 0.57 m in 2007 to 0.42 m in 2016 (a decrease of 26.3%),

which indicates that Lake Hongze experienced increased turbidity in the past 11 years. The loss of

aquatic vegetation in the northern bays may be mainly affected by decreases of SDD. Increasing total

suspended matter (TSM) concentration resulting from sand mining activities may be responsible for

the decreasing trend of SDD.
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1. Introduction

Lakes provide multiple socioeconomic and ecosystem services for humans, including drinking

water supply, irrigation, tourism, etc. [1,2]. Human activities are considered to be one of the main

factors that accelerates the change of lake water quality [3–5]. However, under the effects of climate

change and human activities, lakes have experienced dramatic changes during the past decades,

which have resulted in significant deterioration of water quality, such as eutrophication, cyanobacteria
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bloom [6,7], and vegetation degradation [8,9], which directly affect water transparency, produce

declines in biodiversity, and destroy the ecological environments of the lakes. Therefore, monitoring

the long-term changes in water quality, clarifying the affecting causes and proposing the solutions are

necessary and urgent.

Water transparency is an important and direct parameter for describing the optical characteristics

of water bodies and their water quality; transparency is widely measured using Secchi disks to obtain

Secchi disk depths (SDDs) in freshwater and marine water monitoring [10,11]. Water transparency

visually reflects the clarity and turbidity of a water body and can evaluate trophic status and the

underwater light field [12–15]. SDD, total nitrogen, total phosphorus, and chlorophyll a are considered

to be the criteria for assessing the eutrophication of lakes [16]. Carlson used SDD to propose a trophic

state index [17]. On the other hand, SDD also provides important information on the ability of light to

transmit through water, which directly impacts the distribution of the underwater light climate and

the process of photosynthesis of underwater ecosystems and thus affects the primary productivity of

lakes [18]. Unfortunately, many studies have shown that SDDs have experienced a significant decline

due to eutrophication and other intensive human activities. For example, after the late 1980s, a marked

decrease in SDD was found in the central Bohai Sea caused by rapid economic development in the

surrounding regions [19]. The increase in phytoplankton biomass and runoff-induced suspension

concentrations led to the decrease of SDD in Xin’anjing Reservoir, a large deep lake [20]. A study of

Minnesota lakes (nearly 1000 lakes) found that SDDs of small shallow lakes with more agricultural

land were more likely to decrease over time [21]. A significant decrease was found of approximately

25–75% compared with pre-1950 in the southern and central North Sea during the 20th century;

the variation may have resulted from increased concentration of suspended particulate matter rather

than phytoplankton [22]. The decline in SDD will directly affect the survival of submerged aquatic

vegetation and other aquatic organisms, thus leading to a vicious cycle of lake ecosystems and

accelerating the development of lake eutrophication [20,23]. Therefore, monitoring and obtaining

accurate information about long-term SDD distribution and changes can help us understand the

dynamics and development of lake ecosystems and aid the development of effective lake management

programs to improve water quality.

Owing to its simplicity and low cost, the Secchi disk has been widely used to measure water

transparency since the nineteenth century [10,24]. However, this traditional method relies on manual

sampling in the field, and manpower and material resources are thus consumed. Additionally,

the inherent limitations of ship surveys of discreteness and sporadic nature make it difficult to

obtain effective information and hinders a thorough and objective assessment of the spatial and

temporal variations of water transparency in an entire lake [19,25]. Compared with traditional

methods, satellite remote sensing provides repeated observations and synoptic view of the environment

over large temporal and spatial scales. One of these satellite instruments, the moderate resolution

image spectroradiometer (MODIS), has been successfully used for monitoring SDD [26–28]. Wu et al.

established a linear relationship between the natural logarithm of transparency and the natural

logarithm of blue and red bands based on Landsat and MODIS data of Poyang Lake; they pointed

out that MODIS estimates water transparency better than Landsat Thematic Mapper [2]. Recently,

a semi-analytical algorithm was implemented to estimate SDD based on radiation transfer theory

using MODIS data [29]. Shi et al. developed an empirical algorithm using the red band (645 nm) of

MODIS data to derive SDD and found a decreasing trend in the water transparency of Lake Taihu [23].

Lake Hongze is the fourth largest freshwater lake in China and provide important role in

water supply, irrigation, fishery, etc. The water quality of Lake Hongze has attracted more

attention due to strong human activities such as the South-to-North Water Transfer Project and

dredging activities [30–32]. However, studies have shown a clear increase in suspended particulate

concentrations in 2012 and first observed sand mining vessels using LANDSAT data and VIIRS

data in Lake Hongze [30,33]. In fact, the first sand mining was discovered in Lake Hongze near the

entrance of Huai River in 2007, not 2012 [34]. Just as was found by research in the middle and lower
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reaches of the Yangtze River, intensive sand mining in lakes not only changes the topography of

the bottoms of the lakes [35], which leads to rapidly increasing suspended particulate matters and

accelerates the attenuation of light in water columns but also reduces water transparency and affects

lake ecosystems [3,33,36,37]. However, the long-term changes of water transparency in Lake Hongze,

the possible driving factors and the potential significant effects on the ecological environment have

received little attention.

Therefore, this study focuses on the period 2003–2017 to discuss SDD changes and the possible

effects of the sand mining activity based on long-term MODIS observation data. Specifically, our goals

in this study were to: (1) validate our previous SDD empirical estimation model developed in Lake

Taihu using paired SDD in situ measurements in Lake Hongze; (2) generate a SDD remote sensing

estimation dataset and analyses the seasonal, spatial variations and long-term trend in SDD from 2007

to 2017; and (3) elucidate possible driving mechanisms and the potential significance of SDD changes.

2. Materials and Methods

2.1. Study Area

Lake Hongze (33◦06′–33◦40′N and 118◦10′–118◦52′E), a typical shallow lake, is the fourth largest

freshwater lake in China, located in the middle reach of the Huai River basin (Figure 1). The lake covers

a water area of 1960 km2, with a mean water depth of 1.77 m [31]. Located in the monsoon climate

region, the precipitation is unevenly distributed around the year, with cold and dry seasons during

winter and spring but hot and rainy seasons during summer and autumn [38]. The main incoming

rivers are concentrated in the west and south, where the contribution of the Huai River runoff accounts

for more than 70% of the lake’s water input [32]. Lake Hongze also plays a role in providing food and

habitat for freshwater organisms, which maintains biodiversity and ecological services [31]. In recent

decades, increasing environmental pollution and human activities have caused water environment and

water quality deterioration in Lake Hongze [32]. For example, a serious water environmental pollution

incident on 27 August 2018 in Lake Hongze caused the sudden death of fish and crabs over more than

ten thousand acres (http://tv.cctv.com/2018/09/06/VIDE1DcyQNK97zYLm7iNCRLh180906.shtml).

Moreover, the aquatic vegetation has markedly degraded [9,39–41], which has caused the partial loss

of water resources and ecological service functions in Lake Hongze. Since the discovery of the yellow

sand resources near the entrance of the Huai River in 2007, driven by high profits, the number of

illegal sand-dredging ships on Lake Hongze has increased from a few dozen to more than 600 in 2016

(http://www.cenews.com.cn/sylm/hjyw/201609/t20160912_809182.html). According to the statistics

from the water conservancy section, up to 300,000 tons of yellow sand resources were dredged in Lake

Hongze every day.

2.2. Sampling Sites and Water Quality Parameter Measurement

SDD observations were conducted monthly at 10 stations in Lake Hongze from December, 2012

to December, 2013 and from August, 2015 to June, 2017 (Figure 1), which resulted in a dataset of 340 in

situ SDD measurements containing 34 water samples at each station. SDD was measured by a ruler

with reading precision of 0.01 m and a standard Secchi disk, a circular alternating black and white

disk with a 30-cm diameter. When the disk just disappears or appears in the field of vision by an

observer on a vessel, its depth is recorded as the SDD. To better understand and discuss the spatial

variations of the SDD in the varied aquatic environments of Lake Hongze, we separated the lake into

five sub-regions based on the shape of the sub-region and the distance to the Huai River: Z1, Z2, Z3,

Z4, and Z5 (Figure 1).

http://tv.cctv.com/2018/09/06/VIDE1DcyQNK97zYLm7iNCRLh180906.shtml
http://www.cenews.com.cn/sylm/hjyw/201609/t20160912_809182.html
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 Spatial distributions of sampling stations and five lake segments of LFigure 1. Spatial distributions of sampling stations and five lake segments of Lake Hongze.

2.3. Satellite Data Acquisition and Process

To dynamically monitor Lake Hongze SDD changes, the medium-resolution satellite MODIS,

which completely observes the Earth once in 1–2 days, was used in this study. Compared with other

terrestrial remote sensing satellites, the spectral resolution of MODIS can meet the spectral requirements

for inland water bodies with complex optical characteristics. In addition, previous studies have used

MODIS series data for monitoring the water quality in Lake Hongze [1,30]. MODIS-Aqua L-0 data at

250-m resolution spanning the period between January 2003 and December 2017 were freely obtained

from the NASA Ocean color Archive (http://oceandata.sci.gsfc.nasa.gov/). More than 5200 images

were obtained covering Lake Hongze, with radiometric calibration and geometric correction using

Seadas 7.4 software. After excluding the effects of clouds, sun glare, or thick aerosols, 1785 cloud-free

images were chosen and processed (Table 1). The algorithm used for atmospheric correction to generate

sensing reflectance products is denoted as Dense Dark Vegetation–Water Correction, an improved land

target-based iterative method, which is described in detail in [42].

Table 1. Temporal distributions of the MODIS/Aqua data covering Lake Hongze from 2003 to 2017.

Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep. Oct. Nov. Dec. Total

2003 11 5 9 9 6 8 4 7 16 12 9 14 110
2004 14 13 13 12 12 10 12 6 15 17 16 8 148
2005 11 9 14 16 10 9 4 7 10 12 10 17 129
2006 7 6 10 5 8 12 8 10 12 14 10 12 114
2007 8 12 7 12 13 7 9 9 8 15 11 7 118
2008 6 18 13 9 6 5 6 11 10 7 12 13 116
2009 18 3 6 14 14 7 4 6 8 14 5 7 106
2010 10 7 7 4 9 12 5 16 11 13 13 15 122
2011 12 6 19 14 7 6 4 5 9 11 9 11 113
2012 12 8 6 6 10 5 15 4 10 13 7 7 103
2013 11 6 9 13 10 7 9 16 11 15 13 8 128
2014 14 7 13 9 12 6 5 5 7 16 8 16 118
2015 11 9 8 11 8 5 11 10 7 13 5 9 107
2016 9 11 9 9 8 8 9 14 10 4 11 11 113
2017 9 12 12 13 16 6 11 9 12 11 14 15 140
Total 163 132 155 156 149 113 116 135 156 187 153 170 1785

http://oceandata.sci.gsfc.nasa.gov/
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Water transparency is mainly affected by the optical components in the water body: pure water,

suspended matter, chromophoric dissolved organic matter, and phytoplankton. In order to explore

the effect of suspended matter on the transparency, we adopted an empirical model developed in

Lake Hongze using two bands (645 nm and 1240 nm) of MODIS to estimate the total suspended

matter (TSM) concentration [30]. We applied 1785 high-quality images to the model to obtain a TSM

concentration dataset from 2003 to 2017.

TSM = exp(15.4 × (Rrc(645)− Rrc(1240)) + 1.994) (1)

Rrc(645) and Rrc(1240) represent Rayleigh-corrected MODIS-Aqua reflectance at 645 nm.

In view of the fact that aquatic vegetation can counteract wind-driven waves, filter particulate

matter, and prevent sediment resuspension [8], it is also an important factor that influences water

transparency [43]. Therefore, we introduced the vegetation presence frequency (VPF) calculated from

the floating algal index (FAI) to capture the temporal and spatial distribution of aquatic vegetation

in turbid waters [44]. The FAI was proposed by Hu et al. for detecting cyanobacteria and floating

vegetation in waters [45]. To distinguish the area with vegetation signal from the open water, −0.025

was set as the FAI threshold of aquatic vegetation, which has been successfully applied to the extraction

of aquatic vegetation in Lake Taihu [8,44]. If the FAI value of pixel was greater than −0.025, it was

considered as vegetation signals and the value of this pixel was set to 1 otherwise set to 0 in the FAI

layer. The VPF of pixel j was calculated in a given set of n images

VPF(j) =
∑

n
i=1 FAI(j,i)

n
(2)

where VPF(j) represents the proportion of pixel j with FAI = 1 in the total number of images (n).

An SDD estimation model using MODIS data has been developed by Shi et al. for Lake Taihu [23].

Considering that both Lake Taihu and Lake Hongze are large shallow lakes with similar optical

properties and high turbidity, we directly used the SDD estimation model for Lake Taihu (Equation (3)).

However, we validated the SDD estimation model for Lake Taihu to check its applicability in Lake

Hongze using in situ data without any adjustment of parameters.

SDD = 1.259 × exp(−46.02 × Rrc(645)) (3)

Rrc(645) represents Rayleigh-corrected MODIS-Aqua reflectance at 645 nm.

2.4. Meteorological Data

The daily mean wind speed data from 1957 to 2017 were collected from the nearest Xuyi

meteorological station; data can be downloaded freely from the China Meteorological Data Sharing

Service System (http://cdc.nmic.cn). The Huai River runoff accounts for more than 70% of the total

flow coming into Lake Hongze, and the nearest Bengbu hydrological station was selected to collect the

runoff data to explore the impact of runoff on water transparency. The monthly sediment discharge

and runoff data from 2007 to 2017 and the annual sediment discharge and runoff data during 2003–2017

from this station can be freely download from the China River Sediment Announcement and the

Annual Report of the State of Water Resources of the Ministry of Water Resources of the People’s

Republic of China (http://www.mwr.gov.cn/).

2.5. Statistical Analysis and Accuracy Assessment

To compare the in situ measured data with the estimated results, we conducted statistical analysis

and linear regression—including calculation of the average, maximum, absolute value, standard

deviation, and other measures—and calculated the Pearson correlation coefficient. A one-way analysis

of variance (ANOVA) and Mann–Whitney U test were used to compare the seasonal and spatial

http://cdc.nmic.cn
http://www.mwr.gov.cn/
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differences in parameters. To evaluate the performance of the algorithm in estimating SDD by MODIS

data, the determination coefficient (R2), mean absolute percentage error (MAPE), root mean square error

(RMSE) and relative error (RE) were introduced as statistical indicators to validate the applicability

and accuracy of the model for estimating SDD over Lake Hongze. Significance level is considered

significant at (p ≤ 0.05).

RMSE =

√

∑
N
I=1(Yestimated,I − Yobserved,i)

2

N
(4)

MAPE =
1

N

N

∑
i=1

∣

∣Yestimated,i − Yobserved,i

∣

∣

Yobserved,i
(5)

RE =

∣

∣Yestimated,i − Yobserved,i

∣

∣

Yobserved,i
∗ 100% (6)

N represents the number of sample stations, i represents the current sample number, Yobserved,i

represents the SDD measured in the field, and Yestimated,i represents the SDD estimated from

MODIS-Aqua data.

3. Results

3.1. Validation of the SDD Estimation Model

To verify the performance and accuracy of the SDD estimation model developed in Lake Taihu

when used in Lake Hongze, we matched the 340 in situ SDD measurements with satellite data.

To ensure that the time difference of satellite data and measured data does not affect the results,

we chose to match the satellite transit ± 6 h as paired data. The pixels used the mean value of the

3 × 3 pixels surrounding each station to carry out comparisons between in situ and satellite data.

After excluding the in situ SDD data without satellite matching data, we obtained 157 pairs of matched

data to validate the SDD estimation model. SDD ranged from 0.10 to 0.90 m, with a mean value of

0.26 m, for the matching dataset (N = 157), and 0.05 to 2.00 m, with a mean value of 0.26 m, for the

entire dataset (N = 340).

Statistical analysis and linear regression for the obtained 157 pairs of matched data were

performed, and the results showed good agreement and a strong linear correlation between the

in situ measured and the remote sensing-estimated SDDs (R2 = 0.72, p < 0.001, N = 157). The REs of the

model for the validation dataset ranged from 0.03% to 78.7% with a MAPE of 27.7% (RMSE = 0.082 m).

The REs of 59.9% and 44.0% of the samples were below 30% and 20%, respectively. Additionally, the in

situ measured and estimated SDDs by the empirical model were evenly distributed along a 1:1 line

(Figure 2). The high determination coefficient and low errors obtained both showed that the SDD

estimation model developed in Lake Taihu had satisfactory performance and good applicability in Lake

Hongze. Therefore, the model could be used to quantify the spatial and temporal SDD distribution in

Lake Hongze.

3.2. Temporal–Spatial Pattern of SDD

From 2003 to 2017, 1785 free-cloud images were used to calculate monthly and seasonal mean

SDD distributions for Lake Hongze derived from MODIS-Aqua data using the validated estimation

model (Equation (3)). Spatially, it is obvious that SDD of Z1 and Z2 is significantly higher than

that of other lake segments throughout the year (Figures 3 and 4) (Mann–Whitney U test, p < 0.01).

In general, there were marked seasonal changes in the water transparency of the entire lake, which was

relatively low over the four seasons (Figure 3). Overall, SDDs were higher in spring (March–May) and

summer (June–August) and lower in autumn (September–November) and winter (December–February)

(one way ANOVA, p < 0.001). The average values of the four seasons during the study period were

0.55 ± 0.07 m (average ± standard deviation) in spring, 0.52 ± 0.08 m in summer, 0.46 ± 0.05 m in
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autumn, and 0.45 ± 0.05 m in winter. The highest monthly mean SDD of 0.59 m appeared in April and

the lowest monthly mean SDD of 0.43 m was found in November and December (Figure 5). Except

for the Z5 with lower SDD in the summer and autumn than that in the spring and winter seasons,

the other four sub-regions show the same seasonal variation pattern as the entire lake.

 

Figure 2. Linear regression relationship between MODIS estimated and in situ measured Figure 2. Linear regression relationship between MODIS estimated and in situ measured SDD.

 

 

al results of SDD derived from MODIS-Aqua images for the entire lakeFigure 3. Seasonal results of SDD derived from MODIS-Aqua images for the entire lake during the

period 2003–2017.

3.3. Long-Term Trends of SDD

Annual mean SDD in Lake Hongze exhibited distinct inter-annual and spatial variations from

2003 to 2017 (Figure 6). For the entire lake, the highest annual mean SDD was 0.57 m in 2007 and the

lowest SDD of 0.42 m in 2016, with an average value of 0.49 ± 0.03 m from 2003 to 2017, suggesting

Lake Hongze could be characterized by a highly turbid water. We divided the period into two stages

to address the trend of SDD variations: Before (2003–2006) and after (2007–2017) start of sand mining.

(1) From 2003 to 2006, the SDD in the entire ranged from 0.47 to 0.51 m, with an average value of

0.49 ± 0.02 m, and a slight increase of only 0.01m per year during 2004–2006. (2) From 2007 to 2017,

the SDD in the entire lake exhibited a significant decreasing trend from 0.57 m in 2007 to 0.47 m in 2017

(R2 = 0.65, p = 0.003) (Figure 6), with a long-term mean value of 0.49 ± 0.04 m. A decrease of 17.3% in
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2017 compared with 2007 indicated that the underwater light environment had experienced increased

turbidity in the past 11 years.

 

 
Figure 4. Seasonal mean values of SDD derived from MODIS data for five lake segments and the entire

lake from 2003 to 2017.

 

 
Figure 5. Boxplot of monthly mean variation of SDD derived from MODIS data for the entire lake from

2003 to 2017.

 

Figure 6. Time series of SDD derived from MODIS data over Lake Hongze for 15 years. 

 

Figure 6. Time series of SDD derived from MODIS data over Lake Hongze for 15 years.

To quantitatively explain the inter-annual and spatial distribution trends of the transparency of

Lake Hongze, the time series of the annual mean value of the MODIS-Aqua derived SDDs from 2007

to 2017, including five regions (Z1, Z2, Z3, Z4, and Z5), are shown in Figure 6. Significant decreasing

trends were found in Z1 (R2 = 0.68, p < 0.005), Z3 (R2 = 0.37, p < 0.05), Z4 (R2 = 0.53, p < 0.05), and Z5

(R2 = 0.40, p < 0.05). The four lake segments showed the same inter-annual variation pattern as the

entire lake but no significant increasing or decreasing trend was found in the Z2 lake segment (p > 0.05),

which had a stable value of 0.79 ± 0.04 m. In four regions, the fastest decline in SDD occurred in the
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Z1 lake segment, ranging from 0.71 m in 2007 to 0.56 m in 2017, with a 21.2% decrease. In terms of

spatial distribution, the SDD values of the Z1 and Z2 regions were clearly higher than those of the

entire lake and the other lake regions. The maximum value of the entire lake always appeared in the

Z2 lake segment except for 2014, ranging from 1.05 m to 1.21 m. The SDD of the Z4 region was the

lowest overall for the 11 years, which indicates that the lake waters in the east are the most turbid.

3.4. Temporal–Spatial Pattern of VPF

To explore the impact of reduced transparency on aquatic vegetation, the 11 years MODIS data

was selected from 2007 to 2017 as a study period. The algorithm was applied to 1284 cloudless MODIS

images, and the spatial and seasonal distribution of VPF was obtained for five lake segments and

the entire lake. A clear seasonal repetition was revealed by time series of seasonal mean VPF for the

whole of Lake Hongze (Figure 7), with the highest in summer, followed by spring and autumn, and the

lowest in winter. Monthly, the highest value of VPF (0.43) appeared in June but the lowest value (0.21)

was in January. The VPF from April to October was significantly higher than in the other months

(one way ANOVA, p < 0.05) (Table 2), consistent with the growth period of aquatic vegetation.

 

 

 

Figure 7. Time series of seasonal values of VPF for five lake segments and the entire lake from 2007

to 2017.

Table 2. Monthly mean VPF of five lake segments and the entire lake.

Entire Lake Z1 Z2 Z3 Z4 Z5

Jan. 0.212 0.279 0.690 0.108 0.060 0.121
Feb. 0.261 0.265 0.668 0.116 0.097 0.171
Mar. 0.245 0.307 0.742 0.112 0.069 0.209
Apir. 0.348 0.505 0.866 0.162 0.142 0.357
May. 0.371 0.529 0.871 0.204 0.165 0.388
Jun. 0.428 0.471 0.836 0.256 0.311 0.339
Jul. 0.410 0.568 0.836 0.289 0.224 0.353

Aug. 0.392 0.581 0.825 0.251 0.210 0.333
Sep. 0.414 0.513 0.776 0.274 0.271 0.299
Oct. 0.281 0.403 0.697 0.184 0.132 0.192
Nov. 0.238 0.312 0.620 0.162 0.088 0.149
Dec. 0.220 0.281 0.655 0.133 0.067 0.146

Time-series maps of annual VPF for different lake segments were obtained by performing a

mean calculation of all images for each year (Figure 8a). A linear regression analysis was performed

for the entire lake that showed a weak decreasing trend, although without statistical significance

(p = 0.64 > 0.05); the range over the past 11 years was from 0.37 in 2014 to 0.24 in 2016. However,

owing to the heterogeneity of space, the VPF trend varied with the different lake areas. A significant
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and striking decreasing trend of VPF in the Z1 lake segment was found (R2 = 0.56; p < 0.01), with the

highest value of 0.50 in 2008 and the lowest value of 0.27 in 2016, a decline of 45.8%. For the other four

lakes segments, no significant decreasing or increasing trends were found for VPF (p > 0.05).

 

 Entire Lake Z1 Z2 Z3 Z4 Z5 
Jan. 0.212 0.279 0.690 0.108 0.060 0.121 
Feb. 0.261 0.265 0.668 0.116 0.097 0.171 
Mar. 0.245 0.307 0.742 0.112 0.069 0.209 
Apir. 0.348 0.505 0.866 0.162 0.142 0.357 
May. 0.371 0.529 0.871 0.204 0.165 0.388 
Jun. 0.428 0.471 0.836 0.256 0.311 0.339 
Jul. 0.410 0.568 0.836 0.289 0.224 0.353 
Aug. 0.392 0.581 0.825 0.251 0.210 0.333 
Sep. 0.414 0.513 0.776 0.274 0.271 0.299 
Oct. 0.281 0.403 0.697 0.184 0.132 0.192 
Nov. 0.238 0.312 0.620 0.162 0.088 0.149 
Dec. 0.220 0.281 0.655 0.133 0.067 0.146 

segments, no significant decreasing or increasing trends were found for VPF (p > 0.05). 

  

Figure 8. MODIS-Aqua derived VPF value of yearly (a) and monthly (b) for the five sub-regions and Figure 8. MODIS-Aqua derived VPF value of yearly (a) and monthly (b) for the five sub-regions and

the entire lake from 2007 to 2017.

Spatially, the VPF of Lake Hongze is obviously different between lake segments. The VPF

of the Z2 lake segment was significantly higher than that of other lake segments throughout the

year (Mann–Whitney U test, p < 0.01), followed by Z1, and the lowest was in the Z4 lake segment;

the monthly average values for 11 years were 0.76, 0.42 and 0.15, respectively (Figure 8b), which

indicates high aquatic vegetation coverage in the Z1 and Z2 regions compared with the other

lake segments.

4. Discussion

4.1. Natural Driving Mechanism of SDD Variations

For large shallow lakes, wind speed and waves are often considered to be important factors

that affect sediment resuspension [46,47]. Under different wind waves condition, an increasing

TSM concentration caused by wind waves enhanced PAR diffuse attenuation coefficients, resulting

in less available light entering into the water column, which led to a decrease in euphotic depth

and SDD [46]. Long-term meteorological observations showed that the annual mean wind speed

significantly decreased from 3.55 to 1.82 m/s with a decrease of 48.7% from 1957 to 2017 (R2 = 0.89,

p < 0.001) (Figure 9). Theoretically, the significant decrease in wind speed should cause an increase

in SDD due to the weakening of sediment resuspension driven by wind. However, the SDD of

Lake Hongze did not exhibit the expected increasing trend. In fact, no significant correlations were

found between annual mean wind speed and SDD for the entire lake. Therefore, the result further

showed that wind speed was not the main driving factor of the decreased SDD in Lake Hongze

from 2003 to 2017. In order to explore the seasonal changes in SDD, we collected precipitation for

spring-and-summer and autumn-and-winter respectively each year, showing a seasonal variation

that higher in spring-and-summer and lower in autumn-and-winter. Statistically significant positive

correlations were found between precipitation and SDD for entire lake (R2 = 0.34, p < 0.05), indicating

that the seasonal variation of SDD may be affected by seasonal precipitation.

According to many previous studies, decreasing SDD is related to the discharge of input rivers [20,27].

Although seven rivers discharge into Lake Hongze, the Huai River accounts for 70% of the total

runoff [19,30,32]. Before the start of the sand mining in 2007, the annual mean SDD were not higher

even lower than in 2007 for the entire lake. Before sand mining, the annual average sediment from

Huai River was 5.53 million ton with 2.46 million tons more than after sand mining. In addition,

serious water pollution incidents occurred during 2003–2006. For instance, heavy rains in the middle

and upper reaches of the Huai River caused more than 500 million tons of high-concentration sewage

to form a pollution group of 133 kilometers in 2004, affecting the downstream Hongze Lake [48].
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This reasons may explain the low value of SDD comparing with 2007 before sand mining. To further

discover whether the Huaihe River runoff has driven the inter-annual and seasonal variation of SDD

in Lake Hongze after sand mining, we performed a correlation analysis between monthly mean runoff

and SDD from 2007 to 2017. However, no significant correlations were found between Huai River

runoff for the entire lake and Z2 region (p > 0.05). In addition, there is no statistically significant

correlation between annual mean and seasonal mean runoff and transparency for the whole lake

(p > 0.05). Therefore, runoff cannot explain the long-term decreasing trend of SDD in Lake Hongze

from 2007 to 2017. Considering that the reduced wind speed is beneficial for reducing wind-induced

sediment resuspension and increasing SDD, the changes of the main natural conditions of wind speed

and runoff cannot decrease and may even increase SDD in Lake Hongze.

 

 

Figure 9. Long-term trend of yearly mean wind speeds in Lake Hongze during 1957–2017. 

 [48]

Figure 9. Long-term trend of yearly mean wind speeds in Lake Hongze during 1957–2017.

4.2. Human-Induced Driving Mechanism of SDD Variations

With the development of urbanization in China, the demand for sandstone for buildings is

increasing day by day, and sand mining activities are found in rivers, lakes and coastal areas [49].

At the end of the 20th century, the annual sand production in the middle and lower reaches of the

Yangtze River reached 80 million tons per year, and the demand for sand is expected to increase by

55–110% in the next 20 years [50]. The dredging activity not only destroyed the sediment structure of

the lake but also resulted in sediment resuspension, which enhances the scattering of light and hinders

the propagation of light in the water column, resulting in a decrease in SDD and the disturbance of

aquatic ecosystems [49].

The sand mining activities of Lake Hongze began in 2007 when high-quality sand sources were

discovered in the Huai River estuary; the sand mining vessels then quickly increased to more than

100 [34]. However, with the discovery of sand sources in other lake segments, the sand mining area

spread rapidly to the entire lake, and by 2016 more than 600 sand mining vessels were observed

on Landsat images [30]. Previous studies have found that sand mining activities rapidly increased

TSM [30,33,37]. Then, 1785 high-quality images were applied to the model (Equation (1)) to obtain a

TSM concentration dataset in Lake Hongze from 2003 to 2017. Therefore, the relationship between SDD

and the TSM concentrations of the Z1 and Z4 lake segments with frequent sand mining activities were

analyzed to explore the impact of sand mining activities on SDD. The results showed that the monthly

mean SDD was significantly negatively correlated with TSM concentration in Z1 (R2 = 0.41, p < 0.001)

and Z4 (R2 = 0.62, p < 0.001) lake segments (Figure 10). The marked correlation thus demonstrated that

the decreased SDD could be explained by an increased TSM concentration caused by artificial sand

mining activities.
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proposed by Cao et al. [30] for Z1 (a) and Z4 (b) of Lake Hongze from 2007 to 2017.

In addition, sand mining activities have increased the turbidity of the water body, which has had

negative effects on the aquatic ecosystem [32]. Therefore, the illegal sand mining activities of the lake

were severely diminished and then banned by the government department in March 2017 in Lake

Hongze. Compared with 2016, TSM concentration decreased by 7.3 mg/L for the entire lake, with

dramatic declines in the open water areas of the Z3 and Z4 regions of 10.6 and 10.3 mg/L, respectively.

In contrast, it was clearly seen that SDD had rapidly risen in Lake Hongze, except for Z2 in 2017,

in which almost no sand mining activity was found (Figure 4); the Z3 and Z4 regions increased by

0.077 m and 0.069 m, respectively, which suggested that water quality has significantly improved. SDD

was in good agreement with the timing of sand mining activities, which further confirmed that the

decrease in SDD could be attributed to the increase in TSM concentration caused by artificial sand

mining activities.

4.3. Reciprocal Relationship between SDD and Aquatic Vegetation

It is well known that many lakes are facing a decline in transparency and the area of global aquatic

vegetation is decreasing [9,40]. SDD is the main environmental factor for the survival and growth of

submerged aquatic vegetation seedlings. With a low value of SDD, the seedlings of submerged plants

would die in large numbers due to insufficient light [38]. Therefore, SDD is an important parameter

for limiting the growth and distribution of submerged aquatic vegetation. To better understand the

interaction between aquatic vegetation and SDD, linear regressions between the average SDD and VPF

were performed.

However, there was no significant correlation between VPF and SDD derived from MODIS images

for the entire lake (p > 0.05), which may be attributed to the uneven distribution of submerged aquatic

vegetation. For the five regions, the ratio of the total area of aquatic vegetation in the Z1 and Z2 areas

to the area of aquatic vegetation in the entire lake was as high as 83.83% in 2007, and the lowest ratio

was 65.51% in 2016; the other segments accounted for approximately 10%. Therefore, we selected the

lake segments (Z1, Z2) covered by aquatic vegetation for analysis. VPF exhibited significant positive

correlations with the annual mean SDD in the Z1 and Z2 regions (R2 = 0.71, p ≤ 0.001; R2 = 0.54,

p ≤ 0.01, respectively) (Figure 11), which indicates that submerged aquatic vegetation variation is

mainly affected by SDD in Lake Hongze.

Previous studies have shown that submerged aquatic vegetation is also beneficial to the

improvement of water quality by the weakening of wind-induced waves, which inhibits sediment

resuspension and internal nutrient release [8,18,44]. Therefore, the result further confirmed a positive

feedback between SDD and submerged aquatic vegetation. The SDDs of the Z1 and Z2 regions being

significantly higher than that of other regions could thus be explained by their being covered by more

submerged aquatic vegetation than in the other lake regions.
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4.4. Potential Significance of this Study

Human-induced SDD decreases in Lake Hongze further confirmed that the decreasing trend of

SDD is occurring throughout the world under the combined effect of human activities and changes in

the natural environment [19,22,23]. Long-term observations of the wind speed in Lake Hongze

show that a trend of decreasing wind speed will contribute to SDD increases and improve the

underwater light environment. Since the strict sand mining policy was formulated in 2017, sand

mining activities have been well controlled and water transparency has significantly increased [33].

Therefore, an increasing trend of SDD is predicted under the strict sand mining policy and reduced

wind speeds. The increase in SDD indicated that more light will be available and that the depth of

the euphotic zone will increase [15,22], which may promote the germination and photosynthesis of

aquatic vegetation seedlings [38] and thus increase vegetation coverage and primary productivity.

Then, the increased vegetation will in turn promote the improvement of water transparency by positive

feedback [51]. In addition, with the restoration of aquatic vegetation, animals in the lake are provided

with places for spawning and habitation, which is conducive to the recovery of species and the quantity

of fish and benthic animals. A benign cycle is gradually formed.

However, according to the previous policy management experience of Lake Hongze, once the

policy is relaxed or the law enforcement is not strict, the sand mining activities will return and

transparency may continue to decrease. The structure of the lake bottom will be further damaged,

which will cause great obstacles to the restoration of aquatic vegetation and benthic organisms in

the future [33]. The reduction of transparency further limits the growth and distribution of aquatic

vegetation [8], which may results in desertification at the bottom of the lake. The sand mining activities

disturb the sediment by sand mining, sand washing, and other factors, which not only increases

TSM concentration but also releases nutrients from the sediments to the water column and thus

increases the nutrient load of the water body [3,46,47]. Studies have shown that weak underwater

light conditions are beneficial to the growth of phytoplankton in the upper water layer. Under the

stimulus of light, phytoplankton accumulates at the surface layer of water bodies, which increases

the absorption of light and further reduces the underwater light. Reduced transparency, vegetation

degradation, phytoplankton growth, and nutrient release will accelerate the transformation of the

nutritional status of Lake Hongze and eventually form an algae-dominated ecosystem.

Therefore, the policy and implementation of the management department will determine the

future direction of the transparency of Lake Hongze and affect the downstream drinking water safety

of the South-to-North Water Diversion Project in China. It is thus urgent to formulate the following

policies and measures to curb sand mining activities and improve water transparency: (1) strengthen

the formulation and implementation of government policies, which will increase the cost of illegal

sand mining; (2) conduct environmental protection education about sand mining hazards to local

fishermen; and (3) protect aquatic vegetation in littoral lakes and bays to increase transparency.
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In this study, the use of MODIS-Aqua data to estimate the SDD value of Lake Hongze, study the

temporal and spatial variations, and elucidate the dominant factors that affect SDD change have many

important implications for lake water quality management and eutrophication control. Our results

provide an important basis and data for the restoration and management of Lake Hongze’s aquatic

ecological environment and provide opinions and suggestions for the local government with respect

to lake management

5. Conclusions

In this study, a SDD estimation model developed in Lake Taihu was validated using in situ

SDD measurement data of Lake Hongze. Statistical results showed that the model performed well

in estimating SDD in Lake Hongze during 2003–2017 (MAPE = 27.7%, RMSE = 0.082 m). Seasonally,

SDD over the entire lake was higher in spring and summer than in autumn and winter, with the peak

in April. Spatially, SDD was obviously higher in high vegetation coverage regions (such as Z1 and

Z2) than in regions with less vegetation coverage (Z3–Z5). The inter-annual variations of the SDD of

Lake Hongze showed a decreasing trend from 2007 to 2017, with an average of 0.49 m, ranging from

0.57 m in 2007 to 0.42 m in 2016 (a decrease of 26.3%), indicating that less available light enters into

water column. Significant correlations were found between VPF and SDD in the Z1 and Z2 regions.

A long-term decreasing trend of SDD in Lake Hongze was driven by a TSM increase caused by sand

mining activities. Increasing TSM concentration, as a result of the activities of sand mining, may be

responsible for decreasing SDD in the Z4 region. Our research provides important information for

quantifying the spatial and temporal distribution of the SDD, and is of great significance to future

aquatic vegetation protection, water ecological security, etc. in Lake Hongze.
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