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Abstract: Poyang Lake is the largest freshwater lake in China. Its ecosystem services and functions,
such as water conservation and the sustaining of biodiversity, have significant impacts on the
security and sustainability of the regional ecology. The lake and wetlands of the Poyang Lake are
among protected aquatic ecosystems with global significance. The Poyang Lake region has recently
experienced increased urbanization and anthropogenic disturbances, which has greatly impacted the
lake environment. The concentrations of chlorophyll-a (Chl-a) and total suspended matter (TSM)
are important indicators for assessing the water quality of lakes. In this study, we used data from
the Gaofen-1 (GF-1) satellite, in situ measurements of the reflectance of the lake water, and the
analysis of the Chl-a and TSM concentrations of lake water samples to investigate the spatial and
temporal variation and distribution patterns of the concentrations of Chl-a and TSM. We analyzed
the measured reflectance spectra and conducted correlation analysis to identify the spectral bands
that are sensitive to the concentration of Chl-a and TSM, respectively. The study suggested that
the wavelengths corresponding to bands 1, 3, and 4 of the GF-1 images were the most sensitive to
changes in the concentration of Chl-a. The results showed that the correlation between the reflectance
and TSM concentration was the highest for wavelengths that corresponded to band 3 of the GF-1
satellite images. Based on the analysis, bands 1, 3, and 4 of GF-1 were selected while using the
APPEL (APProach by ELimination) model and were used to establish a model for the retrieval of
Chl-a concentrations. A single-band model that was based on band 3 of GF-1 was established for the
retrieval of TSM concentrations. The modeling results revealed the spatial and temporal variations of
water quality in Poyang Lake between 2015 and 2016 and demonstrated the capacities of GF-1 in the
monitoring of lake environment.

Keywords: chlorophyll-a concentration; total suspended matter concentration; retrieval methods;
GF-1 satellite data; field-measured water spectra; Poyang Lake

1. Introduction

Lakes are valuable freshwater resources, and they are used for drinking water, fishing, agriculture,
industry, and tourism [1]. Lakes also record regional environmental changes, and play important roles
in regulating the regional climate and maintaining ecological balance [2]. However, the water quality
of many lakes is being threatened by environmental problems that are caused by various natural and
anthropogenic factors, such as eutrophication and organic and inorganic pollution [3]. Therefore,
effective approaches are needed to monitor the water quality in lakes.
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Laboratory analysis of lake water samples is among the main conventional methods that have
been used to monitor water quality of lakes. However, this approach is time-consuming and expensive.
When compared with conventional methods, satellite remote sensing technology has the advantages
of providing multi-temporal and multi-spectral data with high spatial and temporal resolution [4].
Dynamic monitoring and analysis of aquatic environments while using satellite remote sensing
technology have been applied in monitoring lake and wetland environments and provide warnings of
aquatic environmental emergencies [5].

The monitoring of water quality while using remote sensing technology is of great importance for
guiding lake management. The concentrations of chlorophyll-a (Chl-a) and total suspended matter
(TSM) are important indicators for assessing the water quality of lakes [6,7]. The concentration of
Chl-a can be used to estimate the degree of eutrophication and as a proxy of primary productivity in
mesotrophic and eutrophic water environments. TSM directly affects the transmission of light in water
and it is closely related to the optical properties of water transparency and turbidity. In the past 30 years,
many studies have been reported to monitor concentrations of Chl-a and TSM in lakes while using
satellite data [8–11]. Data from the Moderate Resolution Imaging Spectroradiometer (MODIS) were
used to observe algal blooms and monitor seasonal variations of Chl-a concentration in Lake Taihu,
China [12,13]. Medium Resolution Imaging Spectrometer (MERIS) data were used to obtain time-series
of Chl-a concentration for the 50 largest standing-water bodies in South Africa [14], and long-term
patterns in Poyang Lake, China [15]. Another study determined the spatial and temporal changes in
the concentration of TSM in Poyang Lake while using MODIS data from 2000–2010 [16]. Shi et al. [17]
integrated MODIS data from 2003–2013 and in situ observations from a number of boat-based surveys
to estimate the concentrations of TSM in Lake Taihu. Semi-analytical and empirical algorithms provide
indices that are sensitive with Chl-a and TSM [13–19]. The retrieval of Chl-a and TSM concentration
are mainly achieved through regression relationships between the measured parameter and sensitive
indices while using linear [20,21], quadratic polynomial [22], exponential [16,17], and power-law [23]
regression approaches. In recent years, the emergence and application of new satellite sensors, such as
Landsat-8 and Sentinel-2, have further promoted the development of the assessment of inland water
quality while using remote sensing data [23–25].

Poyang Lake is the largest freshwater lake in China. Its ecosystem services and functions,
such as water and biodiversity conservations, have significant impacts on ecological security
and sustainability of regional ecology. Poyang Lake has experienced increased urbanization and
anthropogenic disturbances, which has greatly impacted the aquatic environment of the lake and
wetland system [26,27]. The eutrophication condition in Poyang Lake has been observed to increase
over the past decades [28]. High spatial and temporal heterogeneity characterize the water quality of
the lake [29]. Determining the dynamic changes of water quality in Poyang Lake requires satellite
data with a high spatial resolution and frequency of monitoring in repeated cycle. Data from China’s
Gaofen-1 (GF-1) satellite possess high-resolution resolution capacity and they have the aforementioned
characteristics. However, while GF-1 data have been used for the analysis of terrestrial land features, a
lack of study has been implemented for water quality analysis.

This study aimed to assess the applicability of GF-1 satellite data in retrieve information about the
concentrations of Chl-a and TSM of Poyang Lake. This study consisted of three steps: (1) characterize
and analyze in situ water reflectance spectra and concentrations of Chl-a and TSM to determine the
spectral bands or band combinations that are sensitive to retrieve Chl-a and TSM; (2) establish and
evaluate algorithms while using data from the GF-1 satellite to estimate the concentrations of Chl-a
and TSM; and, (3) determine the spatial and seasonal variation of water quality in the highest and
lowest annual water levels between 2015 and 2016.
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2. Materials and Methods

2.1. Study Area

Poyang Lake (115◦49.7′~116◦46.7′ E, 28◦24′~29◦46.7′ N) is located in the lower Yangtze River
Basin. Tributaries of five rivers, namely the Ganjiang, Fuhe, Xinjiang, Raohe, and Xiushui rivers,
feed the lake (Figure 1). Seasonal variation of precipitation leads to significant changes in the lake’s
surface area throughout the year [30]. The water surface area exceeds 3,000 km2 during the wet season
(April–September) and then drops below 1,000 km2 during the dry season (October–March). Poyang
Lake is also one of the world’s most ecologically important wetlands, with millions of migratory birds,
including about 98% of the world’s population of Siberian cranes, inhabiting the lake area for wintering.
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2.2. Field Sampling and Measurement

Field data were obtained from Poyang Lake in August 2015 (August 1, 3, and 5, 2015), October
2015 (October 23 and 24, 2015), and January 2016 (January 24 and 25, 2016), from 43, 33, and 26 sampling
sites, respectively. Figure 2 shows the locations of the sampling sites. For each sampling exercise,
water was collected from a water depth of between 0 and 50 cm. All of the samples were held on ice
and stored for subsequent measurements of the concentrations of Chl-a and TSM in the laboratory.
Two 500ml portions of each sample were used to filter for collecting Chl-a and TSM, respectively.
Chl-a was collected while using Whatman GF/F filters (0.7 µm pore size) and extracted with hot
ethanol [31]. The concentrations of Chl-a were determined by spectrophotometry using a UV-2600PC
UV–vis spectrophotometer (Shimadzu, Inc., Koyto, Japan). Water samples for TSM measurement were
filtered while using Whatman GF/C filters (1.2 µm pore size) under vacuum. Subsequently, the filters
were weighed gravimetrically to determine the concentration of TSM. Water temperature and turbidity
were measured at the sampling sites using a YSI6600 portable multi-parameter water meter (Yellow
Springs Instruments, Inc., Yellow Springs, Ohio, USA).

Remote Sens. 2020, 12, 622  4 of 21 

 

2.2. Field Sampling and Measurement 

Field data were obtained from Poyang Lake in August 2015 (August 1, 3, and 5, 2015), October 

2015  (October  23  and  24,  2015), and  January 2016  (January  24  and  25,  2016),  from 43, 33, and 26 

sampling sites, respectively. Figure 2 shows the locations of the sampling sites. For each sampling 

exercise, water was collected from a water depth of between 0 and 50 cm. All of the samples were 

held on ice and stored for subsequent measurements of the concentrations of Chl‐a and TSM in the 

laboratory. Two 500ml portions of each sample were used  to  filter  for  collecting Chl‐a and TSM, 

respectively. Chl‐a was collected while using Whatman GF/F filters (0.7 μm pore size) and extracted 

with hot ethanol [31]. The concentrations of Chl‐a were determined by spectrophotometry using a 

UV‐2600PC UV–vis  spectrophotometer  (Shimadzu,  Inc.,  Koyto,  Japan). Water  samples  for  TSM 

measurement were  filtered while using Whatman GF/C  filters  (1.2 μm pore size) under vacuum. 

Subsequently,  the  filters were weighed  gravimetrically  to  determine  the  concentration  of  TSM. 

Water  temperature  and  turbidity were measured  at  the  sampling  sites using  a YSI6600 portable 

multi‐parameter water meter (Yellow Springs Instruments, Inc., Yellow Springs, Ohio, USA). 

 

Figure  2. Pseudocolor  renderings of  images  from  the Gaofen‐1  (GF‐1)  satellite  (red:  770–890  nm, 

green: 630‐690 nm, blue: 520–590 nm) showing the landscape of the study area at approximately the 

time that the field samplings were performed. 

Remote‐sensing‐reflectance  spectra were measured  above  the water  surface  at wavelengths 

between 350 and 2500 nm (1 nm interval) while using a Fieldspec 4 spectroradiometer (Analytical 

Spectral Devices, Inc., Boulder, Colorado, USA), following standard protocols [32]. Measurements 

were performed between 10:00 and 14:00 on sunny windless days. A total of 66 sampling sites (35 

for  August  2015,  17  for  October  2015,  and  14  for  January  2016)  were  measured  for 

remote‐sensing‐reflectance spectra due to the  limitation of measurement time. The radiances from 

water, sky, and a reference panel were measured at each water sampling site. 

Remote sensing reflectance (R୰ୱ) was determined as the ratio of water‐leaving radiance (L୵) to 
the total downwelling irradiance [Eୢሺ0ାሻ]. 

R୰ୱ ൌ
L୵

Eୢሺ0ାሻ
ൗ ൌ

Lୗ୛ െ δLୱ୩୷
L୮ ∗ π/ρ୮

  (1)

where  Lୗ୛   is  the  total  upwelling  radiance  from  water,  Lୱ୩୷   is  the  skylight  radiance,  δ  is  a 
proportionality  coefficient  that  relates  Lୱ୩୷  to  the  reflected  sky  radiance  determined  when  the 

detector viewed the water surface [33],  L୮  is the radiance from the reference panel, and  ρ୮  is the 
irradiance reflectance of the reference panel. 

Figure 2. Pseudocolor renderings of images from the Gaofen-1 (GF-1) satellite (a: 770–890 nm, b:
630-690 nm, c: 520–590 nm) showing the landscape of the study area at approximately the time that the
field samplings were performed.

Remote-sensing-reflectance spectra were measured above the water surface at wavelengths
between 350 and 2500 nm (1 nm interval) while using a Fieldspec 4 spectroradiometer (Analytical
Spectral Devices, Inc., Boulder, Colorado, USA), following standard protocols [32]. Measurements were
performed between 10:00 and 14:00 on sunny windless days. A total of 66 sampling sites (35 for August
2015, 17 for October 2015, and 14 for January 2016) were measured for remote-sensing-reflectance
spectra due to the limitation of measurement time. The radiances from water, sky, and a reference
panel were measured at each water sampling site.

Remote sensing reflectance (Rrs) was determined as the ratio of water-leaving radiance (Lw) to the
total downwelling irradiance [Ed(0+)].

Rrs =
Lw

Ed(0+)
=

LSW − δLsky

Lp∗π/ρp
(1)

where LSW is the total upwelling radiance from water, Lsky is the skylight radiance, δ is a proportionality
coefficient that relates Lsky to the reflected sky radiance determined when the detector viewed the
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water surface [33], Lp is the radiance from the reference panel, and ρp is the irradiance reflectance of
the reference panel.

2.3. Model Development and Assessment

In this study, semi-analytical and empirical approaches were used for estimating the concentrations
of Chl-a and TSM by sensitive indices. The retrieval algorithms were established through regression
processes while using linear, quadratic polynomial, exponential, logarithmic, and power-law regression
approaches. The goodness of fit was judged by the value of the coefficient of determination (R2). The
water samples were measured for remote-sensing-reflectance spectra and concentrations of Chl-a and
TSM and then numbered from 1 to n, with 1 representing the samples with the highest concentration
of Chl-a/TSM and n representing the samples with the lowest concentration. Subsequently, one sample
was selected every three sample numbers—i.e., samples 1, 4, 7, 10, . . . , were selected; the selected
samples were then used for model validation, while the remaining samples were used for model
calibration. The coefficient of determination (R2), root-mean-square error (RMSE), and mean relative
percentage error (MRPE) between the measured and predicted values of Chl-a or TSM concentration
were calculated to assess the fitting and validation accuracy. The RMSE and MRPE were determined
while using equations (2) and (3), respectively:

RMSE =

√√
1
n
∗

n∑
i=1

[
ximea − xipre

]2
(2)

MRPE =

∑n
i=1

∣∣∣∣ ximea−xipre
ximea

∣∣∣∣
n

∗ 100% (3)

where n is the number of samples.

2.4. Image Data and Preprocessing

The GF-1 satellite images were downloaded through the Remote Sensing Market Service Platform
of the Chinese Academy of Sciences (http://www.rscloudmart.com). The GF-1 satellite was launched
on 26 April 2013. The satellite has a sun-synchronous orbit with an altitude of 645 km, crossing
the equator at 10:30 local time in a descending mode. The satellite carries panchromatic (2 m
resolution) and multi-spectral (8 m resolution) sensor systems for high-resolution observation and
four wide-field-of-view (WFV) sensors for large-scale observation. The four WFV sensors acquire
multi-spectral data with a spatial resolution of 16 m, a revisit cycle of four days, and wide coverage (4
× 200 km). Table 1 shows the spectral bands of GF-1. The predicted service life of this satellite is five to
eight years. The images that were employed in this study were acquired August 3 and October 24,
2015 and January 30, 2016, respectively. The images captured the lake wetland transition between the
highest and lowest water levels in summer 2015 and the follow up winter. The water level change
reflected the variation of aquatic environment, in particular for concentrations of Chl-a and TSM.

Table 1. Spectral bands of GF-1.

Tag Band Order Wavelength (nm) Description

Panchromatic system Pan 450–900 Panchromatic
Multi-spectral system Band 1 450–520 Blue
Multi-spectral system Band 2 520–590 Green
Multi-spectral system Band 3 630–690 Red
Multi-spectral system Band 4 770–890 Near infrared

The preprocessing of GF-1 images includes geometric correction, radiometric calibration,
atmospheric correction, and water body range extraction. In this paper, image data were processed while

http://www.rscloudmart.com
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using the ENVI 5.3 software (Exelis Visual Information Solutions, Inc., Broomfield, Colorado, USA).
Geometric correction was processed using the RPC (Rational Polynomial Coefficients) Orthorectification
module in ENVI 5.3. The Landsat8 OLI panchromatic image covering the Poyang Lake area was used
as a reference. The GF-1 images were then radiometrically calibrated to covert DN value to radiance.
Atmospheric correction was performed while using the FLAASH (Fast Line-of-Sight Atmospheric
Analysis of Spectral Hypercubes) module in ENVI 5.3. FLAASH integrates MODTRAN 5 radiative
transfer model with all MODTRAN atmosphere and aerosol styles to provide a unique solution for
each image [34]. In this study, the mid-latitude atmosphere and rural aerosol were selected in FLAASH
to correct the GF-1 images. The results of atmospheric correction were the remote sensing reflectance
above the water surface. Figure 3a–c show the comparison of GF-1 bands before and after atmospheric
correction, along with in situ reflectance resampled according to GF-1 band configuration. Figure 3d
presents the validation result between the Band-3 reflectance of GF-1 imagery and in situ measured
reflectance from August 2015. The results showed that the atmospheric interference to sensor had been
effectively removed through FLAASH implementation.
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3. Results

3.1. In-Situ Data

Table 2 presents descriptive statistics for the measured concentrations of Chl-a and TSM in the
water samples obtained from the three samplings on Poyang Lake.

Table 2. Descriptive statistics for the measured concentrations of chlorophyll-a (Chl-a) and total
suspended matter (TSM) in Poyang Lake.

Sampling Date Number of
Samples Statistics

Chl-a
Concentration

(mg/m3)

TSM
Concentration

(mg/L)

August 2015
(Summer) 43

Max 20.54 98.40
Min 0.48 5.20

Mean 5.16 28.23
SD 3.88 22.49

C.V. 75.17% 79.67%

October 2015
(Autumn) 33

Max 11.43 114.00
Min 0.37 1.60

Mean 3.10 52.20
SD 2.43 35.79

C.V. 78.64% 68.56%

January 2016
(Winter) 26

Max 5.02 66.25
Min 0.80 2.40

Mean 2.32 29.94
SD 1.12 14.03

C.V. 48.33% 46.86%

Note: SD is the standard deviation; C.V. is the coefficient of variation.

The water reflectance spectra were obtained by calculating the radiance that was collected at
the Poyang Lake sampling sites. After removing two abnormal spectral data (with extremely low
reflectance) in August 2015 sampling, a total of 33 valid spectra were obtained for the August 2015
sampling, 17 valid spectra for the October 2015 sampling, and 14 valid spectra for the January 2016
sampling (Figure 4). The reflectance spectra show a reflectance peak between 550 and 600 nm, which is
related to the weak absorption of chlorophyll and carotene. The absorption of cyanophycin leads to an
absorption valley between 600 and 650 nm; however, this valley was not observed in the reflectance
spectra in this study due to the low concentration of chlorophyll in Poyang Lake. However, we
observed an obvious absorption between 660 and 680 nm, which is caused by chlorophyll in the
red-light band. The absorption becomes more obvious as the concentration of chlorophyll increases.
We also observed a reflection peak near 700 nm. This reflection peak is an important feature of
algae-containing water, and its position and amplitude indicate the concentration of Chl-a, with the
peak moving towards longer wavelengths as the concentration of Chl-a increases. The reflectance of
the spectra is low after about 730 nm, which is due to the strong absorption of Chl-a in the near-infrared
band. A small reflection peak appears near 820 nm, which may be due to the scattering of suspended
matter. For some sampling sites, the peaks and valleys in the reflectance spectra are not strongly
pronounced, which is mainly due to the low concentration of Chl-a and the high concentration of TSM.
The measured reflectance spectra vary for different seasons due to the change in the lake’s water area
throughout the year and the consequent change in the concentrations of Chl-a and TSM.
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Of all the sampling sites that were used in this study, two sets of sampling sites were selected to
determine the characteristic reflectance bands of Chl-a and TSM. Figure 5a shows reflectance spectra
from three sampling sites with approximately the same Chl-a concentration (~4 mg/m3) and different
TSM concentrations (18.6 mg/L, 55.8 mg/L, and 98.4 mg/L). Meanwhile, Figure 5b shows reflectance
spectra from three sampling sites with similar TSM concentrations (~6 mg/L) and different Chl-a
concentrations (3.91 mg/m3, 6.36 mg/m3, and 9.70 mg/m3).
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From the spectra shown in Figure 5b, it can be concluded that the reflectance between 500 and
700 nm is inversely proportional to the concentration of Chl-a, and the reflectance beyond 700 nm is
basically insensitive to the concentration of Chl-a. From the spectra that are shown in Figure 5a, it can
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be concluded that the reflectance is proportional to the TSM concentration. The wavelength positions
of the absorption valley at the wavelength of 660 ~ 680nm and the reflection peak near 700nm are
very stable, and they do not change with the change of TSM concentration. Therefore, the absorption
valley at 660–680 nm and the reflection peak around 700 nm can be used as characteristic bands for the
inversion of Chl-a concentration.

From the reflectance spectra that are shown in Figure 5a, it can be concluded that almost the whole
reflectance of the spectra are significantly and positively correlated with TSM concentration between
350 and 900 nm. From the reflectance spectra that are shown in Figure 5b, it can be concluded that the
reflectances below 700 nm are highly sensitive to Chl-a concentration. The reflectances beyond 700 nm
are almost completely insensitive to Chl-a concentration, and the reflectance after 830 nm is weak and
noisy. Therefore, it can be concluded that the reflectance between 700 and 830 nm can be used for the
inversion of TSM concentration.

3.2. Inversion Model for Chlorophyll-a Concentration and Its Results

Figure 6 shows the Pearson correlation between normalized remote sensing reflectance and Chl-a
concentration. The correlation varied significantly for different wavelengths.
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Figure 6. Pearson correlation coefficient (R) between normalized reflectance and Chl-a concentration.

Subsequently, we constructed isopotential maps of the linear correlation coefficients of
determination between the spectral indices and Chl-a concentration in the spectral interval 350–900 nm
based on the original reflectance spectrum by establishing the spectral indices of reflectance difference
and reflectance ratio and using the least squares method to iteratively regress the spectral indices and
Chl-a concentrations of Poyang Lake.

3.2.1. Analytical Results for Spectral Data from August 2015

The coefficients of determination between the ratio index and Chl-a concentration in Poyang
Lake are generally low, as shown in Figure 7a. The coefficients of determination for combination
of wavelengths of 700–715 nm and 690–700 nm are relatively high, but they are still at a low level
(highest R2=0.35). The coefficients of determination of the difference index for Chl-a concentration in
Poyang Lake are higher than those of ratio index, as shown in Figure 7b. The combinations of spectral
wavelengths that are sensitive to Chl-a concentration consist of the band near 650 nm and the band
between 700 and 710 nm.
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3.2.2. Analytical Results for Spectral Data from October 2015

As shown in the isopotential map that was based on the original spectral data from October 2015
shown in Figure 7c, the coefficients of determination between the Chl-a concentration and ratio index
in Poyang Lake are low. High coefficients of determination are observed for spectral combination
of wavelengths of 680–690 and 690–700 nm, however the maximum value (R2=0.4) is still at a low
level. The coefficients of determination between difference index and Chl-a concentration in Poyang
Lake are higher than those between ratio index and Chl-a concentration, as shown in Figure 7d. The
combinations of spectral wavelengths those are sensitive to Chl-a are 660–680 vs 720–730nm and
390–420 vs 870–900 nm.
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3.2.3. Analytical Results for Spectral Data from January 2016

The coefficients of determination for the original spectral data from January 2016, which reached a
maximum value of 0.5, were higher than the coefficients of determination for the original spectral data
from August and October 2015, as shown in Figure 7e. The spectral combinations with the highest
coefficients of determination are 440–470 nm vs 630–700 nm. The coefficients of determination between
difference index and Chl-a concentration in Poyang Lake are higher than those of the ratio index, as
shown in Figure 7f. The combinations of spectral wavelengths that are sensitive to Chl-a concentration
are (1) 450–500 vs 500–540 nm, (2) 450–500 vs 650–700 nm, and (3) 360–420 nm and 760 nm. Table 3
summarizes the combinations of spectral wavelengths with the highest spectral index fit in Figure 7.

Table 3. Spectral response characteristics of Chl-a in Poyang Lake.

Data Collection Date Spectral Index w1 (nm) w2 (nm) R2

August 2015 Reflectance Ratio (Rw1/Rw2) 691 683 0.35
Reflectance Difference (Rw1-Rw2) 693 695 0.50

October 2015
Reflectance Ratio (Rw1/Rw2) 689 671 0.39

Reflectance Difference (Rw1-Rw2) 770 737 0.49

January 2016 Reflectance Ratio (Rw1/Rw2) 651 430 0.48
Reflectance Difference (Rw1-Rw2) 762 403 0.58

Note: R2 is coefficient of determination between spectral index and Chl-a concentration.

Overall, the results of the analysis show that the coefficients of determination of the linear
correlation between the ratio index and the Chl-a concentration were lower than the coefficient of
determination of the linear correlation between the difference index and the Chl-a concentration. The
difference index corresponds to a wider range of sensitive bands than the ratio index. The spectral
wavelengths that were sensitive to Chl-a concentration mainly corresponded to bands 1, 3, and 4 of the
GF-1 image, and the bands of the GF-1 images have good overlap with the MODIS image. El-Alem et
al. [35] have found that an APPEL (APProach by ELimination) model while using the combination of
MODIS bands 1, 2, and 3 can be used to determine the Chl-a concentration in water. The maximum
reflectance of Chl-a is in the near-infrared region. Furthermore, colored dissolved organic matter
(CDOM), TSM, and backscattering also affect reflectance in the near-infrared band. CDOM has the
maximal reflection in the blue band, so the influence of CDOM can be eliminated in the blue band.
TSM is highly sensitive in the red band. Therefore, the red band can eliminate the influence of TSM
on the reflectance spectrum of Chl-a. Pure water has strong absorption characteristics in the red and
near-infrared bands, so the influence of backscattering can be eliminated.

The APPEL model was established based on the spectral characteristics of Chl-a, pure water, TSM,
and CDOM, as follows [35]:

APPEL = R(bNIR) − [(R(bBLUE) −R(bNIR))∗R(bNIR) + (R(bRED) −R(bNIR))] (4)

The combination of GF-1 bands 1, 3, and 4 was used to establish the APPEL model. Table 4 shows
the details of the models for the inversion of Chl-a concentration in different seasons.

Table 4. Details of the inversion models for the concentration of Chl-a.

Date Model Expression Goodness of Fit (Coefficient of
Determination, R2)

August 2015 (Summer) Y = 3171.2X2 – 105.01X + 4.217 0.6936
October 2015 (Autumn) Y = 2150.8X2 – 38.504X + 2.0464 0.6954
January 2016 (Winter) Y = 18594X2 – 88.453X + 1.84 0.6413

Note: X is calculated by the APPEL (APProach by ELimination) model: X = R(B4) - [(R(B1) - R(B4)) * R(B4) + (R(B3) -
R(B4))], R(Bn) represents the reflectance of band n of the GF-1 image.
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A summer inversion model for Chl-a concentration was established while using 33 sets of data
that were measured in August 2015 (Figure 8a). Of the various models that were assessed, the inversion
model that used quadratic polynomials had the highest fitting degree (R2=0.6936); this model was
subsequently validated while using 10 sets of measured data (Figure 8b). The results showed that the
RMSE of the model was 1.158 mg/m3 and the MRPE was 3.99%. Additionally, an autumn inversion
model for Chl-a concentration (Figure 8c) was established based on 25 sets of data measured in October
2015. Again, the model that used quadratic polynomials had the highest fitting degree (R2=0.6954).
This model was validated with eight sets of measured data (Figure 8d). The results showed that the
RMSE of the model was 0.90 mg/m3 and the MRPE was 2.72%. Finally, a winter inversion model for
Chl-a concentration was established while using 20 sets of data measured in January 2016 (Figure 8e).
The model that used quadratic polynomials had the highest fitting degree (R2=0.6413). This model
was validated using six sets of measured data (Figure 8f). The results showed that the RMSE was 0.44
mg/m3 and the MRPE was 9.44%.
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Figure 8. Test results for inversion models for Chl-a concentration for different periods: (a,b) calibration
and validation results for August 2015; (c,d) calibration and validation results for October 2015; (e,f)
calibration and validation results for January 2016. RMSE: root-mean-square error. MRPE: mean
relative percentage error. R2: coefficient of determination.
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The Chl-a concentration in the entire coverage of Poyang Lake was obtained while using the
ENVI 5.3 software based on the results of the summer, autumn, and winter inversion models for Chl-a
concentration (Table 3). Figure 9 shows the corresponding estimates of the spatial distribution of the
Chl-a concentration in Poyang Lake for each of these three seasons.
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Figure 9. The estimated Chl-a concentration in Poyang Lake during (a) August 2015, (b) October 2015,
and (c) January 2016, obtained from GF-1 satellite images using polynomial inversion models.

Figure 9a shows the results of the Chl-a concentration inversion while using the GF-1 satellite
image from August 2015. In the study area, August is a summer month and is also the flooding (wet)
season with the highest water level. During this month, the water temperature of Poyang Lake rises,
the water velocity is the slowest, and algal growth is rapid, which causes the Chl-a concentrations to
be the highest of the year, i.e., 5–30 mg/m3. The highest concentrations of Chl-a are distributed in the
waters near the shore of Poyang Lake and in the Nanji wetland national nature reserve in the south
central of the lake.

Figure 9b shows the results of the Chl-a concentration inversion while using the GF-1 satellite
image from October 2015. In October, which is an autumn month in the study area, the water level
of Poyang Lake begins to decline and the water temperature to decrease. At this time, the estimated
concentration of Chl-a in the lake decreased to between 2 and 15 mg/m3. The highest concentrations of
Chl-a are distributed around the channel in the north of Poyang Lake mouth, which connects it to the
Yangtze River, and in the main channel near the center of the lake.

Figure 9c shows the results of the Chl-a concentration inversion while using the GF-1 satellite
image from January 2016. In the study area, January is a winter month and is also in dry season.
During this month, algae grow slowly in Poyang Lake. The estimated concentration of Chl-a was
generally low, ranging from 0–11 mg/m3, and the estimated distribution was more uniform than for
August or October. The highest concentrations of Chl-a are distributed near the channel in the northern
part of Poyang Lake, which connects it to the Yangtze River, and in the places where the Ganjiang,
Fuhe, Xinjiang, Raohe, and Xiushui rivers flow into the lake.

3.3. Retrieval Models and Results for Total Suspended Matter Concentration

Figure 10 illustrates the Pearson correlations between normalized remote sensing reflectance and
TSM concentration. The correlation coefficient shows obvious variation for different wavelengths.
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Figure 10. The Pearson correlation (R) between normalized remote sensing reflectance and
TSM concentration.

Two peaks and valleys were observed in the correlation curve for August 2015 (summer), as shown
in Figure 10. The two peaks are located at wavelengths of 660~730 nm and 760~820 nm, respectively,
and the maximum values of the correlation coefficients for the peaks are 0.85 and 0.75, respectively.
The two valleys are located at wavelengths of 350~400 nm and 500~550 nm, respectively, and the
maximum values of the correlation coefficients for the valleys are –0.76 and –0.72, respectively. For the
August 2015 correlation curve, the maximum correlation coefficient (0.85) appears at a wavelength
of 710 nm, and the minimum correlation coefficient (–0.76) appears at a wavelength of 371 nm. The
correlation curve for October 2015 (autumn) shows different trends at wavelengths below and above
650 nm, respectively. Below 650 nm, the correlation coefficient is negative, reaching its minimum value
of –0.96 at a wavelength of 590 nm; above 650 nm, the correlation coefficient is positive, reaching a
maximum value of 0.98 at a wavelength of 756 nm. In January 2016, the water reflectance spectra
that was most sensitive to TSM concentration, was observed at a wavelength of 723 nm, with the
maximum correlation coefficient of 0.95. These sensitive wavelengths most corresponded to band 3 of
the GF-1 image. Therefore, band 3 of the GF-1 image was used in the model for the retrieval of TSM
concentration. We assessed the performance of five mathematical models for retrieval, which used
linear, quadratic polynomial, exponential, logarithmic, and power-law equations, respectively, and
selected the best-fitting model (i.e., the one with the highest coefficient of determination, R2) as the
retrieval model. Table 5 describes the selected models for different seasons.

Table 5. Selected models for the retrieval of TSM concentration.

Date Model Expression Goodness of Fit (Coefficient of
Determination, R2)

August 2015 (summer) Y = 9972.1X2 + 469.6X + 3.358 0.9003
October 2015 (autumn) Y = 367347X2.7656 0.8614
January 2016 (winter) Y = 566102X2.5327 0.6504

Note: Y represents the TSM concentration; X represents the reflectance of band 3 of the GF-1 image.

The field data that were measured in August 2015 were used to establish the summer retrieval
model (Figure 11a). The retrieval model using a quadratic polynomial was found to have the best fit
(R2=0.9003). This model was subsequently validated on 18 sets of measured data (Figure 11b). The
results showed that the RMSE of the model was 6.96 mg/L and the MRPE was 27.52%. From the test
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results, it can be seen that the quadratic model in the single-band model predicted the summer TSM
concentration of Poyang Lake well and the model had good stability.
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The 17 sets of data that were measured in October 2015 were used to establish the autumn retrieval
model (Figure 11c). The retrieval model using a power-law equation was found to have the best fit
(R2=0.8614). The retrieval model was validated while using 16 sets of measured data (Figure 11d). The
results showed that the RMSE of the model was 12.59 mg/L and the MRPE was 30.05%. It can be seen
from the test results that the power-law model in the single-band model predicted the autumn TSM
concentration of Poyang Lake well and the model had good stability.

The 14 sets of data that were measured in January 2016 were used to establish the winter retrieval
model (Figure 11e). The retrieval model using the power-law equation was found to have the best fit
(R2=0.6504). This retrieval model was validated while using 12 sets of measured data (Figure 11f). The
results showed that the RMSE of the model was 5.37 mg/L and the MRPE was 20.83%. It can be seen
from the test results that the power-law model in the single-band model predicted the winter TSM
concentration of Poyang Lake well and the model had good stability.
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The TSM concentrations for the whole of the Poyang Lake area were calculated while using the
ENVI 5.3 software based on the results of the retrieval models for TSM concentration in summer
(August 2015), autumn (October 2015), and winter (January 2016) (Table 4). Figure 12 shows a map
showing the spatial distribution of TSM concentration in Poyang Lake.
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(a) August 2015; (b) October 2015; and, (c) January 2016.

Figure 12a shows the result of the retrieval of TSM concentration that is based on GF-1 image from
August 2015. The overall level of TSM concentration in Poyang Lake was relatively low in August 2015,
and the lowest TSM concentrations occurred in the eastern, western, and southern parts of Poyang
Lake. The concentration of TSM in the eastern part of the lake was generally below 100 mg/L, the
concentration at the junction of the Xiu River and the Ganjiang River ranged from 0~68 mg/L, and the
concentration in Junshan Lake (which lies to the south of Poyang Lake) ranged from 0~46 mg/L. The
concentration of TSM was relatively high in the channel, which connects the north of the lake to the
Yangtze River, and in the main channel in the center of the lake, due to the influence of sand mining in
Poyang Lake [36]. In the northern part of the lake, the TSM concentration ranged from about 59–80
mg/L. The highest TSM concentration that was observed in the central channel was 103 mg/L.

Figure 12b illustrated that the overall TSM concentration in Poyang Lake in October was
significantly higher than that in August. The highest concentration of TSM (254.43 mg/L) was observed
in the channel connecting the northern part of the lake to the Yangtze River. This can be attributed to
the fact that, in August and September, increased rainfall in the Yangtze River causes the water level of
the Yangtze River near Poyang Lake to increase, which suppresses water outflow from Poyang Lake
and causes the water from the Yangtze River to flow back into the lake. This flow causes the TSM
concentration of Poyang Lake to reach its highest levels in the channel connecting it with the Yangtze
River due to the high concentration of TSM in the Yangtze River. The increases in TSM concentration
that were observed in other parts of Poyang Lake can be attributed to the continuous sand mining
activity in the lake area.

Figure 12c illustrated that the TSM concentration of Poyang Lake varied between 0 and 201 mg/L
in January, i.e., the maximum TSM concentration higher than that in August 2015. The highest TSM
concentrations were observed in the channel that connects the north of the lake with the Yangtze River,
and in the main channel in the center of the lake.
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4. Discussion

4.1. Spatial and Seasonal Variation of Chl-a

Figure 13 illustrates the water temperature data from the sampling sites in order to investigate the
seasonal variation of the concentration of Chl-a in detail; the results of the inversion of the concentration
of Chl-a; and the water level measured at the Xingzi hydrological station.
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The comparison in Figure 13 suggested that, regarding the spatial distribution of Chl-a, the highest
concentrations of Chl-a in Poyang Lake are mainly distributed near the channel in the north of the lake,
which connects it to the Yangtze River, in the places where the Ganjiang, Fuhe, Xinjiang, Raohe, and
Xiushui rivers flow into the lake, and in the waters near to the shore of the lake. These observations
can be attributed to the transport of various pollutants into the lake by the Ganjiang, Fuhe, Xinjiang,
Raohe, and Xiushui rivers, and to human activities in waters near to the lake shore [37]. Sand mining
occurs during the whole year in the northern channel that connects the lake with the Yangtze River [16].
Consequently, a large amount of sewage is discharged from sand dredgers, and sand mining activities
disturb the lake bottom, releasing large amounts of nutrients; both of these result in a high level of
nutrients in the lake water, which in turn leads to an increase in the concentration of Chl-a [38]. The
relatively high Chl-a concentration observed in the waters near the inlets of the five aforementioned
rivers is mainly due to the large amount of pollutants carried by these rivers [39]. Large amounts of
domestic and industrial wastewater are discharged into the lake due to the large numbers of people
who live near the shores of Poyang Lake and the acceleration of industrialization and urbanization
that has taken place in recent years; this discharge is also an important factor behind the increase of
Chl-a concentration in the lake.

The temporal variation of Chl-a concentration in Poyang Lake is related to the lake’s unique
hydrological characteristics. From Figure 13, the Chl-a concentration of Poyang Lake is positively
correlated with water temperature and water level. This finding is similar to the analysis of Zheng et
al [37]. In the study area, summer is part of the wet season and, accordingly, the water level reached
its yearly maximum in August 2015. In the wet season, the increase in water level causes Poyang
Lake to enter a relatively stable state, with the water flow speed reducing and the water temperature
increasing. These two factors are highly conducive to the growth of algae in the water body, which
causes the concentration of Chl-a in the lake to increase. This can explain our observation that summer
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is the season with the highest concentration of Chl-a. On the other hand, the water level of Poyang
Lake begins to decline in autumn, the water flow speed increases, and the Yangtze River begins to
flow into the lake, due to the fact that the level of the river is higher than that of Poyang Lake [40];
consequently, the water temperature begins to decline in autumn, which, in turn, causes the Chl-a
concentration to reduce to levels that are significantly lower than those in summer. Winter is the season
with the lowest water level and the lowest water temperature in Poyang Lake. The combination of
these two factors inhibits the growth of algae in the lake, which in turn causes the concentration of
Chl-a to reach its lowest yearly value during this season.

4.2. Spatial and Seasonal Variation of TSM

We compared the concentration of TSM calculated while using the retrieval model, the water
temperature measured at the sampling sites, and the water level measured at the Xingzi hydrological
station in order to investigate the seasonal variation of the TSM concentration in Poyang Lake
(Figure 14).
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Figure 12 concluded that the concentration of TSM was high in the channel that connects the
north of Poyang Lake to the Yangtze River, and in the main central channel of the lake. This can be
attributed to human activities, such as shipping and sand mining [16]. The TSM concentration in the
Junshan Lake area (the south part of Poyang Lake) was at a low level throughout the year and changed
little throughout the year. The concentration of TSM near the inlets of the Ganjiang, Fuhe, Xinjiang,
Raohe, and Xiushui rivers changed greatly throughout the year. This can be attributed to the difference
in the flow speed of these five rivers throughout the year [41].

Regarding the temporal variation of the concentration of TSM, the mean concentration was the
lowest in summer (August 2015) [42]. At that time, water temperature and water level of Poyang Lake
both reached their highest yearly levels. At this time, the flow speed of the lake was relatively low [41].
Although the concentration of TSM was high in the lake’s main central channel, which can be attributed
to the impact of sand mining activities, the TSM concentration in most of the other areas of the lake was
low and relatively homogenous. The highest TSM concentration that was observed in Poyang Lake in
this study was 254.43 mg/L, and it was observed in autumn (October 2015). At this time, the water
level of Poyang Lake began to retreat, and the water level of the Yangtze River was higher than that
of Poyang Lake. The backflow of water from the Yangtze River into Poyang Lake and the influence
of sand mining activities increased the concentration of TSM in Poyang Lake [27]. The highest TSM
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concentrations were mainly observed in the channel that connects the north of the lake to the Yangtze
River, and in the central part of the lake. In winter month (January 2016), the water temperature and
the water level reached their lowest yearly levels. At this time, the TSM concentration ranged from 0 to
201 mg/L. This can be attributed to human activities, such as shipping and sand mining, which disturb
the sediment at the lake bottom and thereby lead to an increase in TSM concentration [27]. In January
2016, the highest concentrations of TSM were observed in the lake’s main central channel and in the
channel that connects the north of the lake to the Yangtze River.

5. Conclusions

Images from the GF-1 satellite helped to establish retrieval models for concentrations of Chl-a and
TSM in Poyang Lake in different seasons. The retrieval model that obtained the best fit for each season,
respectively, was used to analyze the spatial and temporal variations of the concentrations of Chl-a
and TSM for that season.

For Chl-a, the results showed that the wavelengths corresponding to bands 1, 3, and 4 of the GF-1
images were the most sensitive to changes in the concentration of Chl-a. Moreover, the APPEL model
was used to establish the band combination, thus obtaining the retrieval models of Chl-a concentration
for different seasons. The highest concentrations of Chl-a in Poyang Lake were mainly observed near
the channel that connects the north of the lake to the Yangtze River, the places where the Ganjiang, Fuhe,
Xinjiang, Raohe, and Xiushui rivers enter the lake, and near to the lake shore. In the central area of the
lake, the concentration of Chl-a was relatively low and uniform. Regarding the temporal variation of
Chl-a in Poyang Lake, the concentration was the highest in summer (August 2015), second-highest in
autumn (October 2015), and lowest in winter (January 2016).

For TSM, the results showed that the correlation between the reflectance and TSM concentration
was the highest for wavelengths corresponding to band 3 of the GF-1 satellite images. The highest TSM
concentrations in Poyang Lake were mainly observed in the channel that connects the north of the lake
to the Yangtze River, and in the lake’s main central channel. The TSM concentration in Junshan Lake
was relatively low and it changed little between seasons. The TSM concentrations near the inlets of
the Ganjiang, Fuhe, Xinjiang, Raohe, and Xiushui rivers to Poyang Lake were lower than that in the
channel that connects the north of the lake to the Yangtze River. Regarding the temporal variation of
TSM concentration in Poyang Lake, the concentration was highest in autumn (October 2015), second
highest in winter (January 2016), and lowest in summer (August 2015).
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