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Abstract: Assessing the impacts of environmental change and anthropogenic activities on
the historical and current total suspended matter (TSM) pattern in Dongting Lake, China,
is a large challenge. We addressed this challenge by using more than three decades of
Landsat data. Based on in situ measurements, we developed an algorithm based on the
near-infrared (NIR) band to estimate TSM in Dongting Lake. The algorithm was applied to
Landsat images to derive TSM distribution maps from 1978 to 2013 in the wet season,
revealing significant inter-annual and spatial variability. The relationship of TSM to water
level, precipitation, and wind speed was analyzed, and we found that: (1) sand mining areas
usually coincide with regions that have high TSM levels in Dongting Lake; (2) water level
and seven-day precipitation were both important to TSM variation, but no significant
relationship was found between TSM and wind speed or other meteorological data; (3) the
increased level of sand mining in response to rapid economic growth has deeply influenced
the TSM pattern since 2000 due to the resuspension of sediment; and (4) TSM variation might
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be associated with policy changes regarding the management of sand mining; it might also be
affected by lower water levels caused by the impoundment of the Three Gorges Dam since 2000.

Keywords: total suspended matter; Dongting Lake; Landsat; water level; sand mining;
Three Gorges Dam

1. Introduction

Total suspended matter (TSM) is a key parameter for describing water quality. TSM transports
nutrients and contaminants, reduces light transmission through a water column and influences entire
aquatic ecosystems [1]. Accurate spatiotemporal information on TSM distribution patterns is therefore
important for understanding lake ecosystem dynamics and for the development of effective and
quantitative monitoring of aquatic environments, in order to both protect the lake ecosystem and improve
water quality management [2—4].

Dongting Lake, the second largest freshwater lake in China, is an important lake in the local
ecological system. However, like many lakes in China, environmental change and anthropogenic
activities in the area threaten its water quality [5-7]. An increasing level of sand mining, for example,
has stirred up heavy metals in the sediment load from the lake’s floor, which could then enter the food
chain through aquatic products, thus posing a health threat to the local population [8,9]. In addition, the
impoundment of the Three Gorges Dam in the upstream of the Yangtze River changed the hydrologic
processes and influenced the distribution of sediments and wetland [10]. Dongting Lake is thus clearly
an important region that needs proper monitoring.

Traditionally, TSM measurements in the lake waters have been obtained from cruise samples.
It is thus difficult to achieve and compare TSM patterns for all of Dongting Lake over a period of years
using existing methods. The limited number of measurements obtained through regular point sampling
cannot represent the overall temporal and spatial distribution of TSM, and has proven to be problematic
when lakes, particularly when they are large, have high spatial and temporal variation in their
biogeochemical environments. In fact, a systematic assessment of long-term changes in the TSM pattern
in Dongting Lake has never been completed, nor have any potential linkages to natural processes and
anthropogenic activities been established.

The development of remote sensing techniques has made it possible to monitor optical active
substances such as chlorophyll-a and TSM in a waterbody [11]. Over recent decades, a number of
studies have demonstrated that TSM distribution in open sea and inland waters can be mapped from
various types of satellite remote sensing data, such as the land satellite (Landsat), Sea-Viewing Wide
Field-of-View Sensor (SeaWiFS), Moderate Resolution Imaging Spectroradiometer (MODIS), and
Medium Resolution Imaging Spectrometer (MERIS) [12-15]. The first Landsat satellite was launched on
23 July 1972 [16], and the latest Landsat 8 was launched on 11 February 2013 [17]. The Multispectral
Scanner (MSS), Thematic Mapper (TM), Enhanced Thematic Mapper Plus (ETM™), and Operational
Land Imager (OLI) sensors obtained more than four decades of massive data from the Earth’s surface
by the end of 2014. Landsat satellites might offer the only prospect for documenting historical TSM over
a period greater than three decades. Compared with other frequently used satellites, such as MODIS and
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MERIS, the MSS/TM/ETM?/OLI sensors from Landsat satellites have multispectral bands that observe
Earth with higher spatial resolution (Table 1). In addition to the continuity of the satellite’s mission,
ensured via several Landsat sensors, the quality of Landsat data and Landsat’s long-term archive in
particular have provided the basis for evaluating remotely sensed data and their use for the long-term
monitoring of TSM, chlorophyll-a, water clarity, and Secchi depth [11,18-20]. Moreover, Landsat
satellite-derived images of TSM can be retrieved using single-band algorithms based on reflectance in the
red or near-infrared (NIR) spectral regions, which is caused by the backscattering of particulate
matter [21]. By using the red or NIR bands of Landsat sensors, the accuracy of derived-TSM is highly
reliable [22,23]. However, the observation of water quality parameters using remote sensing remains a
challenge, due to heavy cloud cover in the area, therefore limited satellite image availability, and the
limited availability of ground truth measurements.

Many previous studies of Dongting Lake have focused on aquatic environments using remote sensing
approaches. For example, ENVISAT (Environmental Satellite) ASAR (Advanced Synthetic Aperture
Radar) images collected in different seasons were used to illustrate the water-area variations and wetland
vegetation of different species and functional types [24,25]. Several innovative studies have used remote
sensing approaches to derive water parameters for Dongting Lake. For example, Wu et al. [26] first
published an empirical retrieval algorithm for estimating TSM in Dongting Lake, using an exponential
model of the Moderate Resolution Imaging Spectroradiometer (MODIS)-based red band minus the SWIR
band. A Bayesian Regularized BP Neural Network (BRBPNN) technique was applied by Xu et al. [27] in
the prediction of chlorophyll-a in the Nanzui water region in Dongting Lake. In addition, Wu et al. [28]
used red band and in situ TSM measurements to develop a TSM retrieval model for Landsat 8 OLI. The
derived-TSM revealed a clear spatial distribution pattern in South and East Dongting Lake in 2013 that
was caused by a combination of natural (e.g., water level) and anthropogenic (e.g., sand mining) factors.
The paper also suggested the potential to extend the time period in order to conduct more than 40-year
water quality estimations from Landsat satellites.

This study seeks to reveal and quantify long-term changes in the TSM pattern caused by environmental
factors and anthropogenic activities, and attempts to clarify their relationship. We use remote sensing
data from Landsat satellites over a 35-year period (1978-2013) with the following two objectives:

(1) Develop a model, based on the Landsat images, that addresses sensor-associated differences and
atmospheric corrections to estimate TSM for inland lake water with extreme variation.

(2) Document the long-term pattern in TSM variation in the wet season from 1978 to 2013 and
understand its relationship to environmental factors and anthropogenic activities.

2. Materials and Methods
2.1. Study Area

Dongting Lake (28<30”N to 30<20”N, 111<40"E to 113<10"E) is the second largest freshwater lake
in China. It serves as an important retention basin for the Yangtze River during the flood season, between
July and September. The area of the lake, which is normally 2820 square kilometers, can increase
dramatically during the flood season. The inflow from the Yangtze River accounts for 21.6% of the total
water influx of Dongting Lake, carrying an average of 14 million tons of sediment per year [29]. As


http://www.mdpi.com/2072-4292/7/2/1619/htm#B1-remotesensing-07-01619

Remote Sens. 2015, 7

shown in Figure 1, Dongting Lake is divided geographically into three parts, East Dongting Lake, South
Dongting Lake and West Dongting Lake, which are connected by waterways, and which are also fed by
four major rivers: the Xiang, Zi, Yuan and Li, and a number of minor rivers. The Yangtze River and
Dongting Lake join at the Chenglingji hydrological site, and Yueyang City is located in this area. There
are hundreds of sand-mining vessels and automatic unloading vessels (Figure 9) in the lake. Most of the
mining sites are distributed in the eastern part of East Dongting Lake (EDL), and the northern part of South
Dongting Lake (SDL). The Three Gorges Dam (TGD), about 390 km from the Chenglingji hydrological
site, is located in the upper Yangtze River. The main river channel of TGD was closed in 1998, and an
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associated open-diversion channel was finished in 2000 that led to its impoundment in June 2003.
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Figure 1. Location map of Dongting Lake in China. The pink points represent the sampling
sites, and the red triangle and green rhombus represent the location of the Chenglingji

hydrological site and the Yueyang meteorological site, respectively. The river’s direction of
flow is the same as the alphabetical order of the name of each river.

2.2. Landsat Images Acquisition and Pre-Processing

Three types of data were used, including Landsat satellite data between 1978 and 2013 in the wet
season, in situ remote sensing reflectance (Rrs) and TSM measurements, and gauged hydrological and

meteorlogical data.
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Landsat images were downloaded from the United State Geological Survey (USGS,
http://glovis.usgs.gov/). The images include MSS data from 1978 to 1984, TM data from between 1985
and 2009, ETM* data from 2000 to 2003, and OLI data for 2013. Because Dongting Lake is located in
a subtropical area that often experiences heavy cloud cover in the wet season, we could only find one
wet-season Landsat image for most of the years between 1978 and 2013. All selected images were
cloud-free or uncovered. The acquisition period for the images was between July and September of the
same year in order to ensure similar environmental and hydrological conditions and to represent TSM
variation in the wet season.

There were a total of 20 images: 19 (Path/Row: 133/40 and 123/40) were used to derive long-term
TSM, and one Landsat 8 OLI image (Path/Row: 124/40) was used to validate the OLI-based model.
It was collected on 7 August 2013, which was coincident with the timing of fieldwork data collection,
details of which can be seen in the asterisked files in Table 1. The Landsat image covered just the EDL
and SDL. Because Dongting Lake is a so large, the EDL and SDL are different geographical units that
might contain different natural environments and anthropogenic activities. We therefore divided the
study area into two sub-regions: EDL and SDL, and used Whole Dongting Lake (WDL) to represent the
total area of both EDL and SDL.

Table 1. Landsat satellite images used in the study. Note that images were acquired between
July and September of each year.

Path/Row Acquisition Date (YYYY/MM/DD) Sensor Spatial Resolution (m)

133/40 1978/08/06 MSS 60
123/40 1983/08/06 MSS 60
123/40 1984/08/16 MSS 60
123/40 1987/08/25 ™ 30
123/40 1990/09/02 ™ 30
123/40 1991/07/19 ™ 30
123/40 1994/08/12 ™ 30
123/40 1996/08/17 ™ 30
123/40 1999/09/03 ETM* 30
123/40 2000/07/27 ™ 30
123/40 2001/07/22 ETM* 30
123/40 2002/08/02 ™ 30
123/40 2003/07/04 ETM* 30
123/40 2004/07/22 ™ 30
123/40 2005/07/25 ™ 30
123/40 2006/08/13 ™ 30
123/40 2007/07/31 ™ 30
123/40 2009/08/21 ™ 30
123/40 2013/07/31 OLlI 30
*124/40 2013/08/07 OLI 30

These images were obtained from the USGS. Also note that the real resolution of MSS is 79 m
%57 m, which has been re-sampled to 60 m by USGS. The asterisked files on 7 August 2013
were only used to validate the accuracy of the coincident OLI-based TSM model.
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Landsat images were first converted to top-of-atmosphere (TOA) radiance using radiometric
calibration coefficients in the metadata file. The MODTRANS (Moderate Resolution Atmospheric
Transmission) radiation transfer code is incorporated in the FLAASH module, a solution that is
considered an excellent atmospheric correction for terrestrial applications [30-32], as well as for an
inland waterbody [33,34]. The module is suitable not only for multispectral images such as Landsat and
HJ1A/B-CCD (HJ-1A/B charge-coupled device) images, but also for hyperspectral images such as
Hyperion Hyperspectral images and HJLA/B-HSI (Hyper Spectral Imager) [35-37]. Atmospheric
correction was thus processed with a Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubes
(FLAASH) module embedded in The Environment for Visualizing Images (ENVI) 5.2 software,
resulting in an atmospherically corrected waterbody remote sensing reflectance (Rrs). The key
parameters used in the FLAASH module were selected as follows: tropical for the July to September
period in the atmospheric model, rural for the aerosol model (because the study area is far from urban
or industrial locations), and 2-band (K-T) for the aerosol retrieval; initial visibility was chosen as 30—40 km,
depending on the image quality, and no water retrieval was conducted because no specific band was
configured with the Landsat instruments. To match the spatial resolution of the other three Landsat
instruments, three MSS images were resampled to 30 m using the nearest neighbor resampling method.

2.3. Field Data Collection

Three cruise surveys were carried out on 7 to 10 August 2013 over all of Dongting Lake, from which
Rrs and water-sample data were measured and collected (Figure 1). There were a total of 78 sampling
sites that ranged from turbid to clear water. At each site, the distance between two adjacent sampling
sites was greater than 1.5 km. The longitude and latitude coordinates for each site were obtained using
a global positioning system receiver, and about 1000-1500 mL of surface water were collected from a
50 cm-water depth for the laboratory measurement of TSM [38].

2.3.1. Measurement of Spectral Reflectance

An ASD FieldSpec spectroradiometer was used to measure spectral reflectance. The sensor has
512 channels over a spectral range of 350-1050 nm. Collected spectra with a spectral resolution of
1.5 nm were interpolated into 1 nm. In accordance with the Ocean Optics Protocols [39], the above-water
measurement method was used to measure the radiance spectra of the reference panel, water, and sky,
respectively. At each site, ten spectra were collected, from which abnormal spectra were eliminated and
valid ones were retained and averaged. Finally, the remote sensing reflectance Rrs()X) was derived via the
following equation [40]:

Re()=(L —r*Ly)/ (L, *n/p,) (1)

where, Lt is the measured total radiance of the water surface; r denotes skylight reflectance at the
air-water surface, and its value is affected by water-surface roughness caused by wind speed (2.2% for
calm weather, 2.5% for <5 m-s™! wind speed, 2.6%—2.8% for about 10 m-s' wind speed); Lsk is the
measured radiance from sky; Lp is the measured radiance of the gray reference panel; and p,, is the

reflectance of the gray diffuse panel (30%).
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2.3.2. Water Sample Analysis

Water samples were filtered on Whatman GF/F fiberglass filters, with phytoplankton pigments extracted
with ethanol (90%) at 80 <C. Chlorophyll-a concentration (Chla) was determined spectrophotometrically
using the method described by Lorenzen [41] and Chen et al. [42]. The concentrations of Total
Suspended Matter (TSM), Organic Suspended Matter (OSM), and Inorganic Suspended Matter (ISM)
were determined gravimetrically. Water samples were filtered through Whatman GF/F fiberglass filters
(pre-combusted at 550 <T for 4 h and dried at 105 <C for 4 h to remove organic traces, and weighed
according to the method described by Huang [43]. The filters were then re-combusted at 550 <C for 4 h in
order to remove the organic fraction, and weighed again to obtain ISM. By subtracting ISM from TSM, the
OSM concentration was obtained.

Some of the reflectance spectra were abnormal. A few were similar to that of vegetation because of
algal blooms [44]. Other abnormal spectra were attributed to the presence of submerged plants at the
lake floor in shallower areas [45]. These abnormal spectra cannot be used in the calibration and
validation of the derived-TSM model. We thus collected the typical water spectra with algal blooms or
submerged plants, in order to easily remove the abnormal spectra curves from the normal spectra curves.
Finally, the spectral data from 16 sampling sites were thus discarded to ensure the quality of the data set,
leaving 62 sampling sites with useful data.

2.4. Hydrological and Meteorological Data

Water-level data were acquired from hydrological data for Yangtze River Basin, Annual Hydrological
Report of People’s Republic of China from 1978-2013. The data were collected at the Chenglingji
hydrological station and represent the water level for all of Dongting Lake. Meteorological data,
including daily and monthly precipitation, wind speed, temperature, air pressure and relative humidity
from 1978 to 2013 were obtained from the China Meteorological Data Sharing Service System
(http://cdc.cma.gov.cn/). We chose three types of precipitation data, collected from the Yueyang
meteorological station, which were used to represent meteorological conditions for the entire Dongting
Lake region: (1) daily precipitation data that matched the date of acquisition for each Landsat image
(daily precipitation); (2) total precipitation for seven days prior to the acquisition date of each Landsat
image (seven-day precipitation); and (3) total precipitation for 30 days prior to the acquisition date of
each Landsat image (30-day precipitation).

2.5. Statistical Analysis and Accuracy Assessment

Statistical analyses that included calculations of the average, maximum, and minimum values and
linear and non-linear regressions were performed using the Statistical Program for Social Sciences
(SPSS) 20.0 software. Pearson correlation analysis was used to investigate the strength of the association
between the two variables with correlation coefficient (r) in SPSS. Significance levels were reported to
be significant (p < 0.05) or not significant (p > 0.05) with a t-test, which provides evidence of an
association between the two variables.
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Several measures were used to assess the algorithm’s performance and product uncertainties at the
pixel level. The mean absolute percentage error (MAPE) and root-mean-square error (RMSE) were
calculated to indicate the accuracy of the TSM models. These accuracy criteria are calculated as:

MAPE = = 3" |% = ¥i 11009 2
N Y,
13 2
RMSE =, =3 (¥ - ¥;) 3

where, n is the number of samples, and y; and y; refer to the measured and predicted values for the
i-th sample.

3. Results
3.1. Data Distribution

The water quality parameters, determined from the field samples, showed high dynamic range
and substantial variability (Table 2). Chla ranged between 1.9 and 124.2 pg/L with a mean value of
28.7 ug/L (standard deviation = 20.6 pg/L). The mean TSM during the sampling period was 36.4 mg/L
(S.D. = 22.8 mg/L), with a maximum of 101 mg/L and a minimum of 4 mg/L. ISM and OSM ranged
from 2.3 t0 93.3 mg/L and 0.7 to 24.7 mg/L, with a mean value of 27.5 mg/L and 5.9 mg/L, respectively.
The total 62 sample-data sites were randomly divided into two purposes: a modeling data set of 42
samples was used to train the algorithm, and a validation data set of 20 samples was used to evaluate the
accuracy of the model [45].

Table 2. Statistics describing the variation of Chla concentration (Chla, ug/L), total
suspended matter concentrations (TSM, mg/L), inorganic suspended matter concentrations
(ISM, mg/L) and organic suspended matter concentrations (OSM, mg/L), measured in
August 2013 in Dongting Lake. S.D. is the standard deviation (mg/L), and C.V. is the
coefficient of variation (%).

Data Set Statistics Chla (ng/L) TSM (mg/L) ISM (mg/L) OSM (mg/L)

Maximum 124.2 101 933 24.7
Minimum 1.9 4 2.3 0.7
N=62 Mean 28.7 36.4 27.5 5.9
S.D. 20.6 22.8 22.3 3.7
C.V. 71.8% 62.6% 81.2% 62.7%

3.2. Algorithm Development and Validation for Landsat

A number of TSM-derived models have been proposed in previous studies. The empirical regression
algorithms take advantage of the linear or exponential relations between TSM and reflectance in certain
spectral band(s) [12,22,23,26,28]. To date, there has been no standardized TSM-derived model because
of the high level of variation in particle size, density and other optical complexities of different water
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bodies [46]. A customized model is therefore needed to estimate TSM in the study region using
Landsat images.

In order to use the Landsat data to estimate TSM concentrations, the field-measured Rrs(A) were first
aggregated to simulate Landsat-based derived Rrs(L) using the spectral response functions (SRF) for
OLI, ETM*/TM and MSS (Table 3), according to the following equation:

j;m" SRF (M) * Ry, peas (M)A

R.t)= 7" SRF (\)dA ()

where, Ris(bi) denotes the simulated Rrs(srt) for the i-th band of Landsat, with integration from A m to
A n for the i-th band.

Table 3. Spectral bands for the Landsat sensors, whose SRF functions were obtained from
USGS and used to simulate Landsat-based derived Rrs using in situ measured Rrs through
Equation (4).

Landsat Sensor Blue Band (um)  Green Band (um) Red Band (um) NIR Band (upm)

OLI 0.45-0.51 0.53-0.59 0.64-0.67 0.85-0.88
ETMY/TM 0.45-0.52 0.52-0.60 0.63-0.69 0.77-0.90
MSS 0.50-0.60 0.60-0.70 0.70-0.80 0.80-1.10

In order to determine the best band or band combination, correlation analysis between in situ
TSM measurements and simulated Landsat-based derived Rrs (calculated by Equation [4] and using the
visible and NIR Band values) was carried out, and the linear, quadratic, cubic, power, and exponential
models of TSM against a single band or their combinations were then calibrated, respectively, with the
least-squares technique. The determination coefficient (R?), MAPE and RMSE were employed to
evaluate the derived model.

The correlation analysis showed that there was a significant positive correlation between the in situ
measured TSM and the Landsat-based derived Rrs(L). First, the OLI-based derived Rrs(NIR) exhibited a
strong correlation with the in situ TSM measurements (R? = 0.81; p < 0.001) (Figure 2a). The high
correlation between the in situ measurement of TSM and the OLI-based derived Rrs(NIR) was similar to
the findings of numerous previous studies [47-53]. Among the five types of mathematical functions
(linear, logarithmic, exponential, power law, and quadratic) we used to establish the relationships
between OLI-based derived Rrs(NIR) data and the in situ TSM calibration dataset, the linear function
provided the best precision with the highest determination coefficient (R?> = 0.81; p < 0.001) and the
lowest MAPE (18.6%) and RMSE (5.79 mg/L) (Figure 2b). Using the same method, we developed a
model for ETM*/TM and MSS, with the highest R? of 0.82 and 0.82 (p < 0.001), respectively (Figure 2c,e).
The models are represented in the following equations:

TSM,,, (Mg /L) =6110.3*R_(NIR)—1.8242 (5)
TSM_ .. (mg/L) =4616.4*R (NIR)-4.362 (6)
TSM, e (Mg /L) = 4508.2*R_(NIR) —4.4551 7)

where, the Rrs(NIR) is the NIR band Rrs value, which is calculated using Equations (5-7), particularly
as: Band 5 for Landsat OLI sensor; Band 4 for Landsat ETM*/TM/MSS sensor.



Remote Sens. 2015, 7 13984

The proposed model performed well in the validation dataset (Figure 2b,d,f). The MAPE of the
model for OLI, ETM*/TM and MSS validation dataset varied from 18.6% to 27.5%, and RMSE between
5.79 mg/L and 12.21 mg/L. Comparisons between the TSM measured in situ and the TSM estimated
using the proposed model showed that these values were acceptable. The in situ and estimated TSM
values were evenly distributed along the 1:1 line. These results indicate that the proposed model could
be used with satisfactory performance to retrieve TSM in this inland waterbody.
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Figure 2. Scatter-plots of TSM-model calibration (left) between in situ TSM-measurement data
and simulated Landsat-based derived Rrs, and TSM-model validation (right) between measured
and Rrs-based derived TSM using Equations (5-7). (a) & (b)based on Landsat 8 OLI sensor, (¢)
& (d)based on Landsat ETM*/TM sensor, (e) & (f)based on Landsat MSS sensor. TSM is the
total suspended matter, OLI is the Operational Land Imager, ETM* is the Enhanced Thematic
Mapper Plus, TM is the Thematic Mapper, and MSS is the Multispectral Scanner.
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3.3. Landsat 8 OLI-Based Validation

One Landsat 8 OLI image (Path/Row: 124/40) collected on 7 August 2013 (Table 1) was used to
validate the OLI-based model, and there are a total of 41 points in the OLI-based validation image.
Figure 3 shows that there was a significant correlation between the measured TSM data and the
OLI-based TSM values, at a significance level of p < 0.001, and shows the agreement between the
measured TSM and the OLI-based TSM for OLI, where the uncertainties in the model include MAPE of
20.6%, and RMSE of 7.72 mg/L of their relative difference. These results clearly demonstrate the acceptable
performance of the TSM-derived model for a large dynamic range (4-101 mg/L).
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Figure 3. Comparison of measured TSM and OLI-based TSM for Landsat 8.

Ideally, the Landsat-based derived-TSM model would be validated for all of the Landsat sensors,
including OLI, ETM*/TM and MSS. However, as we know, Landsat 8 is currently the only operational
Landsat satellite; the Landsat 7 ETM* scan line corrector (SLC) in the ETM* instrument has not
functioned since 31 May 2003, and Landsat 5 TM stopped collecting data on 18 November 2011. It is
thus impossible to obtain coincident ground in situ TSM measurements with retired or nonfunctional
satellite images from Landsat 1-7. Thus, we can no longer do the validation between ETM*/TM and
MSS-based images and in situ TSM measurements. We were able, however, to validate all of the Landsat
sensors (OLI, ETM*/TM and MSS) using the simulated Landsat-based derived Rrs, and found them to
have acceptable performance. Furthermore, the good performance of the OLI-based and
TSM-model validations between measured and simulated OLI-based derived TSM suggest that the
Landsat-based derived-TSM model has acceptable performance for all of the Landsat images. The
performance of the model facilitates the study of TSM spatial and temporal pattern change in Dongting
Lake from 1978 to 2013.

3.4. Spatial Pattern Distribution of TSM

The TSM-derived models in Equations (5)—(7) were applied to the 19 selected Landsat series
wet-season images for OLI, ETM*/TM and MSS, respectively. The Landsat-derived TSM pattern
snapshots for Dongting Lake are presented in Figure 4, which shows the pattern changes in TSM from
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1978 to 2013. The lowest mean TSM value was 41.3 mg/L on 6 August 1978 and the highest was
104.5 mg/L on 2 August 2002, with the highest value almost three times greater than the lowest, which

confirms that Dongting Lake experienced extremely high spatial variation in TSM.
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Figure 4. Derived-TSM pattern distribution snapshot map in the wet season at Dongting

Lake from 1978 to 2013.
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Note that Figure 4 is a snapshot of the TSM pattern for Dongting Lake, and so it cannot represent the
mean TSM for each year in the wet season. The figure can, however, clearly show the spatial patterns in
each derived-TSM snapshot, and the regional differences and changes in TSM patterns in WDL, EDL
and SDL. Figure 5 shows that the TSM had significant spatial variability between 1978 and 2013.
Overall, the mean TSM of each snapshot of WDL varied widely, from 41.3 mg/L on 6 August 1978 to
104.5 mg/L on 2 August 2002, with a long-term mean of 70.9 mg/L (S.D. = 33.1 mg/L and C.V. = 48%).
The mean TSM in each snapshot in EDL was generally lower than in WDL between 1978 and 2013,
with lowest and highest TSM values of 28.4 mg/L on 6 August 1978 and 82.5 mg/L on 6 August 1983,
and a long-term mean of 57.7 mg/L (S.D. =28.4 mg/L and C.V. =51%). The mean TSM in each snapshot
of the SDL area was consistently higher than it was for WDL and EDL, ranging from 53.2 mg/L on 13
August 2006 to 145.7 mg/L on 17 August 1996, with a long-term mean of 88.4 mg/L (S.D. = 35.3 mg/L
and C.V. = 43%). However, it is clear from Figure 4 that the TSM in each snapshot of the eastern part
of EDL was much higher than it was in other EDL areas. The northern part of SDL had the same scenario,
with a much higher TSM than was present in other parts of SDL. Remember that most of the mining
sites are distributed in the eastern part of EDL and the northern part of SDL. At the same time, most of
the sand mining areas are typically associated with high TSM levels in the EDL and SDL. This leads to
the question of whether sand mining has an impact on the TSM patterns change. If so, when did the
influence start, and how did sand mining impact the TSM variation?

® Whole Dongting Lake ® East Dongting Lake South Dongting Lake
160 T

140 +

TSM (mg/L)

Figure 5. Derived mean TSM for WDL and two sub-regions of EDL and SDL in the wet
season, from 1978 to 2013. WDL is the Whole Dongting Lake, EDL is the East Dongting
Lake, and SDL is the South Dongting Lake.

4. Discussion
4.1. Factors Affecting the Spatial and Temporal Changes in TSM

To test whether the TSM variation was driven by water level, the relationship between mean TSM
and the local water level measured at Chenglingji hydrological station was evaluated. A correlation
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analysis showed a statistically significant correlation between the mean water level from July to August
and the mean TSM from 1978 to 2013, with a correlation coefficient (r) of 0.79, 0.86 and 0.58,
respectively, for WDL, EDL and SDL (Figure 6). The result was similar to the findings of many previous
studies [24,54-56] that have suggested that water level could affect lake area variation, sediment charge
and other environmental conditions in Dongting Lake. The r for WDL was 0.79, which represents a
significant correlation (p < 0.05, with t-test). The r of 0.86 for the EDL area is significant (p < 0.05, with
t-test), which indicates that the TSM value in this area was affected most by water level. In comparison,
the r for SDL was only 0.58, which indicates no significant correlation (p > 0.05, with t-test). However,
this result might be explained by the extreme complexity of the river system network in this area, in
which a number of rivers flow into SDL (Figure 1). Moreover, Chenglingji hydrological station, which
is situated in EDL and far from SDL, might be another reason for the better correlation in EDL. The more
important result indicates that water level has a significant correlation with TSM and is an important factor
for TSM variation in Dongting Lake, particularly in EDL.
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Figure 6. Relationship between mean TSM and mean water level from July to August.
The r of the data pairs in WDL (a) and EDL (b) show statistically significant correlations.
Correlation analysis showed no significant correlation of the paired data in SDL (c).

Since 2000, mean TSM and mean water level have both been decreasing. As seen in Figure 7a, the
correlation analysis shows a statistically significant correlation between mean TSM and mean water
level from July to August beginning in 2000, with a correlation coefficient (r) of 0.80 for WDL, which
is also statistically significant (p < 0.05, with t-test). Likewise, strong correlations were also found
between mean TSM and mean water level from July to August beginning in 2000, both in EDL and
SDL, with r of 0.85 and 0.75, respectively, which are also statistically significant (p < 0.05, with t-test).
It should be noted that the r of 0.85 for EDL from 2000 to 2013 has been decreasing compared with the
r of 0.93 (p < 0.05, with t-test) between 1978 and 1999 (Figure 7b). In contrast, the r of 0.75 for SDL
from 2000 to 2013 has been increasing dramatically with a significant correlation (p < 0.05, with t-test),
compared with the r of 0.49 between 1978 and 1999 (Figure 7c). This also begs the question of what
may have caused these changes since 2000.

A management policy became effective in 1998, which prohibited sand mining in the Yangtze River [57].
Since then, numerous dredging vessels were deployed in Dongting Lake, as well as Poyang Lake [57,58],
leading to excessive and often out-of-order mining in EDL and SDL. The sand mining vessels were
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distributed along the shore of WDL. A survey conducted in August 2013 revealed that there were
hundreds of large sand mining vessels within more than 80 km from SDL northward to EDL, an example
of which is provided in Figure 8a. Moreover, there are hundreds of other vessels called “automatic
unloading vessels” (Figure 8b). They shuttle between sand mining vessels and giant sand carrier vessels
and cause sediment resuspension from time to time. An illustration of sand mining activities can be seen
in the numerous mining vessels and automatic unloading vessels that can be observed in the
high-resolution images of Google Map (https://www.google.com/maps/). TSM variation has thus been
deeply affected by human activities such as the disturbances and resuspension caused by an increasing
level of sand mining, as well as land reclamation through the construction of dykes. Sand mining might
in fact become the main factor of TSM variation in WDL after 2000.
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Figure 7. Relationship between mean TSM and mean water level from July to August for
WDL (a); EDL (b) and SDL (c). The blue line is the regression line for the years 1978 to
1999 and the red line is the regression line for the years 2000 and 2013.

(@) (b)

Figure 8. Digital photo taken at EDL on 7 August 2013 showing sand mining vessels (a)
and automatic unloading vessels (b).

The Three-Gorges Dam, the largest hydropower station in the world, is located in the upper Yangtze
River. When the TGD was near completion in 2000, the intent was to trap a massive amount of water
and sediment that would otherwise flow into the lower Yangtze River [29,59]. As shown in the Yangtze
River Sediment bulletins (http://www.cjh.com.cn/pages/nsgb.html/), the water level declined significantly
from 2000, directly affecting Dongting Lake and Poyang Lake [24,60,61], and creating a more variable
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lake boundary and water depth in Dongting Lake as a whole, especially in the shallow areas of SDL and
EDL. Water level may affect water depth, which might in turn affect the resuspension of sediment; it
might also affect the lake area, which would affect the resuspension of sediment through wave formation
and intensity. The TSM variation in this area, especially after 2000, could thus be due to the
impoundment of the TGD, although identifying the precise reason for the variation requires further
investigation when additional hydrological and meteorological data become available.

The relationship between mean TSM and other potential affecting factors, such as precipitation data, is
also illustrated in Figure 9, which shows a statistically significant positive correlation between seven-day
precipitation and mean TSM from 1978 to 2013, with r of 0.78, 0.83 and 0.68 (p < 0.05, with t-test),
respectively, for WDL, EDL and SDL. The noticeably high correlation is similar to the findings of many
previous studies [62—65] that suggest that precipitation can affect the distribution of TSM. However, no
significant correlation was found between daily precipitation and mean TSM or between 30-day
precipitation and mean TSM. The lack of a significant correlation for daily precipitation might be
explained by a delayed effect of precipitation on TSM variation. At the same time, 30-day precipitation
also had no significant correlation because the period was along enough to cover or smooth the real
precipitation effect, particularly for Dongting Lake as a river-communicating lake. We can thus conclude
that TSM was likely affected by short-term precipitation (seven-day), and that it had a delayed effect on
the distribution of TSM variation.
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Figure 9. Relationship between precipitation data and mean TSM, 1978-2013. Precipitation
data refers to total precipitation over seven days prior to the acquisition date of each Landsat
image, measured at Yueyang meteorological station. Results show a statistically significant
positive correlation for WDL, EDL and SDL.

Mean TSM and daily wind speed were measured at the Yueyang meteorological station from 1978
to 2013, and the wind speed data were coincident with the acquisition date of each Landsat image.
Figure 10 shows no significant relationship between wind speed and TSM in WDL, EDL and SDL.



Remote Sens. 2015, 7 13991

This result differs from the findings of some previous studies [66-69], which have suggested highly
fluctuating TSM in large and shallow lakes and at the gulf end of the estuary, due to wind resuspension.
Changes in other meteorological factors (e.g., temperature, air pressure and relative humidity) might
influence TSM variation in the Dongting Lake region, but the correlation analysis for these meteorological
factors and mean TSM showed no significant relationship, indicating that their impact on TSM variation
is small when measured over such a long period. Note that the r value of WDL and EDL, which was
measured not only between mean water level and TSM variation, but also between precipitation data
and TSM variation, was relatively higher than it was for SDL. This might be because the hydrological
and meteorological data for SDL were collected at the Chenglingji and Yueyang meteorological stations,
both of which are a long distance from SDL. A more accurate correlation for SDL could be achieved if
hydrological and meteorological data near the lake were available.
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Figure 10. Relationship between mean TSM and wind speed, 1978-2013. No significant
correlations were found for WDL, EDL or SDL.

In summary, we have demonstrated that TSM in Dongting Lake has a clear spatial variation that can
be explained by some environmental factors and meteorological conditions. Indeed, the occurrence of
disturbances by sand mining and anthropogenic activities (e.g., TGD) could also lead to the TSM
patterns change, and their potential linkages could be studied once additional socioeconomic and
environmental data are available.

4.2. Suitability and Uncertainty of TSM-Derived Model

Long-term changes to the TSM pattern were first clearly identified and quantified via Landsat images,
leading to several findings. The question as to whether the Landsat satellites are suitable for modeling
derived TSM remains, however, and the uncertainty of the TSM-derived model is also not yet known.

Ideally, Dongting Lake’s TSM variation would be evaluated based on even higher temporal resolution
data than are available from Landsat in order to account for the seasonal and inter-annual pattern changes
for different cover types. The shortage of satellite image data due to the lower temporal resolution of
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Landsat data is thus a weakness of this study. We could find just one Landsat image per year in the wet
season between 1978 and 2013 due to the heavy cloud cover in the subtropical area and the 16-day
cycling period of Landsat Satellites. We therefore needed to rely on the snapshot map of Dongting Lake
to retrieve the TSM patterns. However, considering its relatively high spatial resolution (30-60 m) and
long-term data record (>30 years), Landsat appears to be most suitable for documenting long-term TSM
in the lake and its changes over recent decades [70]. Although there are two MODIS instruments that
provide daily global coverage, the 250 m-resolution data appear to have difficulty discriminating small
amounts of TSM and its changes, especially in such an extremely variable area. In addition, MODIS
data have only been available since 2000, so they do not allow for the documentation of historical TSM
or other natural conditions that existed several decades ago. Moreover, the Landsat images used in this
study were collected between July and September, so the environmental and hydrological conditions of
the Dongting Lake region should be similar during each year for TSM-derived model.

A derived-TSM algorithm might introduce some uncertainties. The algorithm was developed from
in situ Rrs data and then applied to Landsat-based derived Rrs data via rigorous analysis, with a spectral
response function for each sensor. For the purpose of adopting the spectra for Landsat sensors, the
derived-TSM model is simple, using just one NIR band available from the entire Landsat satellite.
Furthermore, our validation of the accuracy of the Landsat 8 OLI image was coincident with the
fieldwork period. The model exhibited acceptable performance, with uncertainties for the OLI-based
model of 20.6% for MAPE and 7.72 mg/L for RMSE, which were slightly greater than the simulated
OLI-based MAPE of 18.6% and RMSE of 5.79 mg/L. These results clearly indicate the acceptable
performance of the TSM-derived model for a dynamic range (4-101 mg/L) in the Dongting Lake area.
Ideally, the Landsat-based derived-TSM model would be valid for all of the Landsat sensors, including
OLI, ETM*/TM and MSS. Due to the good performance of the OLI-based validation, the TSM-derived
model would be expected exhibit acceptable performance for all of the Landsat images. We were
therefore able to use the TSM-derived model to map long-term TSM distribution patterns in Dongting
Lake using Landsat images.

The different spatial resolution for each type of Landsat satellite image might be another source of
uncertainty. For the purpose of retrieving TSM and other data, the pixel size must be consistent. The
spatial resolution of the NIR band for the MSS sensor is 78 m, which has been re-sampled to 60 m by
the data provider (USGS). Thus, in order to reference a consistent spatial resolution for the NIR band
for ETM*/TM and OL, the MSS images were resampled to 30 m so that the derived TSM and data could
be evaluated with the same spatial resolution as the ETM*/TM and OLI sensors. The uncertainty
produced by different pixel sizes for the Landsat satellite images should therefore be minor.

Finally, the regression slope between in situ TSM measurements and Landsat-based derived Rrs(NIR)
may contain some uncertainty, especially in the high TSM range. Our in situ data, which ranged from 4
to 101 mg/L, were obtained for all of Dongting Lake. Ideally, more in situ data could be used to increase
the accuracy of the TSM algorithm when more resources are available in the future. Although some of
the derived-TSM data were more than 100 mg/L, only the two-year mean TSM of SDL was greater than
100 mg/L, and most of the means were less than 70 mg/L. Meanwhile, changes in the regression slopes,
even after adding more data for tuning the algorithm coefficients, would only change the absolute
magnitude of the Landsat-derived TSM but not the long-term temporal patterns or trends observed here,
especially when considering the similar sediment properties in different years in a relatively small region.
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4.3. Long-Term Monitoring and Applications

Landsat-based observations were essential to our research findings, as they provided historical
satellite images of relatively high spatial resolution over a period of more than three decades. However,
Landsat satellites are land-resource satellites, so the temporal resolution might not be high enough for
daily or weekly observations of inland water, since the data are repeatedly collected every 16 days for
each position.

To form a long-term, non-interrupted TSM distribution for Dongting Lake and its adjacent Yangtze
River, including TGD, other existing or planned satellite instruments are required. The Chinese
government has approved the implementation of a high-definition earth observation system (HDEQS),
and the first and second mission Gaofen-1 and Gaofen-2 satellites were successfully launched on
26 April 2013 and 19 August 2014, respectively [71,72], with spatial resolutions of 4 m and 1 m,
respectively. “Gao fen” means “high resolution” in English. The main goal of the Gaofen series satellites
is to provide high-resolution observations repeated every four days for climate change monitoring,
geographical mapping, and environment and resource surveys [73]. Our findings could be used in research
based on the next generation of satellite data, such as the Sentinel-3 Ocean Land Color Imager (OLCI)
data, to derive TSM spatial and temporal distributions in Dongting Lake. The characteristics of the
upcoming Sentinel-3 OLCI are similar to those of MERIS (e.g., spatial, full-resolution 300 m), with
numerous improvements (21 bands, high Signal Noise Ratio). The satellite orbit provides a 27-day repeat
for the topography package, with a four-day sub-cycle. The Sentinel-3 OLCI bands are optimized to
measure water color over the open ocean, coastal zones, and inland waters [74]. Sentinel-3 would be
appropriate for developing TSM estimation models, which could demonstrate new potential and
challenges for assessing changes in the TSM patterns of Dongting Lake and other turbid inland waters.

5. Conclusions

A customized, Landsat NIR band-based algorithm was developed and validated in a rigorous analysis
to retrieve the concentration of TSM in Dongting Lake. The model was then used to derive long-term
changes in TSM patterns from 1978 to 2013, leading to several key findings. It was first clearly
established that TSM variations in the wet season are highly correlated with water level. A correlation
analysis showed a statistically significant correlation between mean TSM and mean water level from
1978 to 2013 in WDL and EDL. Since 2000, SDL has also had a significant correlation between mean
TSM and mean water level. From 2000 to 2013, the r weakened in EDL compared with the period
between 1978 and 1999, which could be a result of human activities such as an increased level of sand
mining in response to the rapid economic growth occurring in the Dongting Lake area that has resulted
in increased sediment resuspension. In contrast, the r significantly increased in SDL compared with the
period from 1978 to 1999, which could be linked to the impoundment of the Three Gorges Dam after
2000. Furthermore, seven-day precipitation was also an important factor explaining TSM variation in
Dongting Lake, but TSM has no significant relationship to wind speed and other meteorological factors.

The study provides a new TSM-derived algorithm and 35-year TSM data record for a turbid
environment under the influence of both natural factors (water level and precipitation) and anthropogenic
activities (sand mining and TGD). We attribute the outcome to the following factors: (1) access to over
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35 years of continuous global observations from Landsat satellites; (2) an empirical method that applied
a rigorous analysis to the derived-TSM variation between different Landsat sensors; (3) acceptable
performance from a validation with a coincident OLI image; (4) a sufficient number of in situ measurements
to allow for the successful development of TSM estimation; and (5) the availability of hydrological and
meteorological data, such as water level data, precipitation and wind speed data.

The results could serve as a basis for future observations of TSM pattern change in Dongting Lake.
In general, the approach demonstrated here could be extended to other similar environments and ecological
locations, such as Poyang Lake, to document and explore their patterns change over recent decades.
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