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Abstract: The Yangtze River is the third longest river in the world. Monitoring and protecting
its water quality are important for economic and social development. Water clarity (Secchi disk
depth, SDD) is an important reference index for evaluating water quality. In this study, Sentinel-2
multispectral instrument (MSI) remote sensing images were utilized together with the Forel-Ule index
(FUI) and hue angle α to construct an SDD retrieval model, which was applied to the Yangtze River
from 2017 to 2020, which was used to describe color in the International Commission on Illumination
(CIE) color space to construct an SDD retrieval model that was applied to the Yangtze River for the
period 2017–2020. Further, the spatial distribution, seasonal variation, inter-annual variation, and
driving factors of the observed SDD variations were analyzed. The spatial distribution pattern of the
Yangtze River was high in the west and low in the east. The main driving factors affecting the Yangtze
River SDD was sediment runoff, water level, and precipitation. The upstream and downstream
Yangtze River SDD were negatively correlated with the change in water level and sediment runoff,
whereas the midstream Yangtze River SDD was positively correlated with the change in water level
and sediment runoff. The upper and lower reaches of the Yangtze River and overall SDD showed a
weak downward trend, and the middle reaches of the Yangtze River remained almost unchanged.

Keywords: Secchi disk depth; Forel-Ule Index; hue angle; Sentinel-2; Yangtze River

1. Introduction

Surface water is an important resource for daily human life and industrial production;
hence, its quality is closely related to human production and life. The Yangtze River is
the third largest river in the world, and it is also an important water resource for coastal
residents. It has many water conservancy projects, such as the Three Gorges Project and the
Middle Route Project of South to North Water Diversion. The main stream of the Yangtze
River runs through 11 provinces (municipalities, autonomous regions) in China from west
to east and is the most abundant river in China. Because the Yangtze River plays a very
important role in social development in China, it is necessary to protect and monitor the
water quality of the Yangtze River [1].

Water clarity (Secchi disk depth: SDD) is the most commonly used index for evalu-
ating water quality. Scholars worldwide have utilized this index for water environment
management and monitoring [2–6]. It is widely employed to obtain water depth by mea-
suring the depth of the Secchi disk in water and has the advantages of simplicity and
convenience [7,8]. However, extensive field survey work is required, which entails high
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labor and time costs, low efficiency, and the inability to obtain real-time dynamic varia-
tions in water bodies. In contrast, remote sensing technology has the advantages of wide
monitoring range, rapid information acquisition, short measurement period, and intuitive
information, and long-term series change of large-scale water areas can be monitored using
multi-source remote sensing data [9,10].

An empirical algorithm involving band combination based on Landsat remote sensing
images has been successfully employed to obtain water clarity of inland water [7,11,12].
The TM1 and TM3 bands of Landsat 4 or 5 remote sensing images have been used to
monitor the 20-year long-term series of water clarity of 10,500 lakes in Minnesota, USA [4].
The B4 and B3 bands of Landsat 8 remote sensing images have been used to retrieve
the water clarity of the Three Gorges Reservoir and Dongting Lake in China, as well as
the relationship between the Three Gorges Dam and the Three Gorges Reservoir and
Dongting Lake [13]. The water clarity of the three lakes in Northeast China was evaluated
using Landsat 7 remote sensing images according to four regression equations, and the
results showed that the water clarity of the lakes in this region had a strong geographical
pattern [14]. Lathrop and Lillesand used the green band of Landsat 4 or 5 remote sensing
images to retrieve the water clarity of Southern Green Bay and Central Lake Michigan of
WI, USA [15]. Further, Lathrop utilized Landsat 4 or 5 remote sensing images to compare
the retrieval results of Michigan lake, Yellowstone Lake, and Jackson Lake [16]. The ratio
between the blue and green bands of Landsat TM remote sensing images was used to
estimate the water clarity of Iseo Lake, Italy [17]. Thirteen Landsat MSS and TM remote
sensing images were employed to analyze the spatial distribution pattern and temporal
change trends of more than 500 lakes with water areas greater than 10 ha in Minneapolis
and St. Paul [18,19]. The red band of the Landsat TM remote sensing images was utilized
to estimate the water clarity of New York Harbor [20].

Lee and Doron et al. proposed an analysis model using a moderate-resolution imaging
spectroradiometer (MODIS) and medium-resolution imaging spectrometer (MERIS) and
selected the appropriate band to invert the vertical attenuation coefficient and transmittance
depth product [9,21,22]. It has been proven that there is a strong correlation between SDD
and single-band reflectivity [7,23,24]. The 555-nm water leaving radiance of the sea viewing
wide field-of-view (SeaWiFS) sensor was used to study the time series changes of Canadian
waters between 1997 and 2001, and the researchers emphasized that the Great Lakes region
is worthy of further study on important features on a larger time scale [25]. Shi et al. [26]
used the R (645 nm) band of MODIS data to retrieve the data for Taihu Lake and performed
long time series analysis.

Although scholars have researched the water quality of the Yangtze River, there
has been no time-series analysis of the Yangtze River based on high-resolution remote
sensing satellite data [13,27–37]. Owing to the wide distribution of the Yangtze River,
the complexity and dynamic variability of the optical properties of inland water remain
obstacles to the application of the aforementioned empirical and analytical models in a
wide range of optical water types, and the Fore-Ule index (FUI) and hue angle α strongly
interfere with the aerosol types and observation conditions. Therefore, the work of Wang
et al. was referenced in this study to retrieve the SDD from the FUI and hue angle α [6]. The
model was applied to Sentinel-2 remote sensing images to calculate the spatial distribution
pattern and seasonal and interannual changes in the SDD of the main stream of the Yangtze
River (Yibin City, Sichuan Province to the estuary) from 2017 to 2020. Sentinel-2 remote
sensing images have significant application potential in the field of water science [38–41].
Sentinel-2A/2B complement each other, enabling the reply time to be shortened to 5 days
and more suitable remote sensing images to be screened every month. Additionally, the
revisit time of the twin Sentinel-2 satellites reaches 2–3 days in the mid-latitudes. A spatial
resolution of 10 m can satisfy the requirement of a large number of available pixels in
the upper, middle, lower reaches, and estuary of the Yangtze River. Therefore, Sentinel-2
data were selected as the remote sensing data to analyze the main stream of the Yangtze
River, as they possess sufficient reply time and spatial resolution. Finally, the Yangtze River
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SDD results retrieved from the Sentinel-2 remote sensing images were correlated with the
environmental and human factors that may affect the changes in the Yangtze River SDD.
Among them, the natural factors are precipitation, sediment runoff, and water level; the
main human factors are the construction of reservoirs along the way and the discharge
of pollutants.

2. Area and Data
2.1. Study Area

The main stream of the Yangtze River runs through Western China from west to
east, between 90◦33′–122◦25′ E and 24◦30′–35◦45′ N, corresponding to the entire basin [1].
Above Yichang City, Hubei Province is the upper reaches of the Yangtze River, with a length
of 4504 km, drainage area of 100 km2, river width of 0.5–1.5 km, and water depth of 5–20 m.
Traditionally, that section is called the upper reaches of the Yangtze River; and the section
from Yichang City, Hubei Province to Hukou County of Jiujiang City, Jiangxi Province is
called the middle reaches of the Yangtze River, with a length of 955 km, drainage area of
680,000 km2, river width of 1–2 km, and water depth of 6–15 m; Hukou County of Jiujiang
City, Jiangxi Province to estuary is called the lower reaches of the Yangtze River, with a
length of 938 km, drainage area of 120,000 km2, a river width of 2–4 km, a water depth of
10–20 m, and a river width of more than 15 km [42,43]. Figure 1 shows the research area of
this study.
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Figure 1. Study area.

2.2. Sentinel-2 MSI Data

Sentinel-2 is a high-resolution multispectral satellite with an orbit height of 786 km, a
width of 290 km, 13 bands, and spatial resolutions of 10, 20, and 60 m. Sentinel-2A and
Sentinel-2B were launched in June 2015 and March 2017, respectively. The reply time of
each satellite is 10 days. The two satellites complement each other, and the reply time is
shortened to 5 days. The data processing in this study was conducted on the Google Earth
Engine (GEE) platform and locally. We downloaded the level 1C top of atmosphere (L1C
TOA) data from 2017 to 2018 from the European Space Agency (ESA) website. We used the
Sen2Cor and SNAP software developed by ESA to conduct atmospheric correction and
band resampling on the L1C TOA data and finally obtained the surface reflectance data
with a spatial resolution of 10 m in each band. Based on the surface reflectance data, the
results of SDD of the Yangtze River from 2017 to 2018 were calculated. The widths of the
upper, middle, and lower reaches of the Yangtze River and the estuary are 0.5–1.5, 1–2, 2–4,
and >15 km, respectively. Owing to the large difference of river width in the upper, middle,
lower reaches, and estuary of the Yangtze River, the selection of remote sensing data is
increasingly important to analyze its spatial distribution and seasonal and inter-annual
variation its.
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2.3. Auxiliary Data

To analyze the potential influencing factors of the main stream of the Yangtze River
more effectively, we obtained the monthly sediment runoff data of Yichang, Hankou
and Datong monitoring stations on the main stream of the Yangtze River from 2016 to
2020 from the website of Changjiang Water Conservancy Commission (http://www.ctg.
com.cn/sxjt/sqqk/index.html; accessed on 26 January 2021). Yichang, Hankou, and
Datong stations provided the sediment runoff data of the upper, middle, and lower reaches
of the Yangtze River, respectively. Daily precipitation data from seven meteorological
stations in Chongqing, Yibin, Anqing, Nanjing, Wuhan, Yichang, and Shanghai from
2016 to 2020 were acquired from the National Oceanic and Atmospheric Administration
website (https://gis.ncdc.noaa.gov/maps/ncei/cdo/daily; accessed on 8 January 2021).
The stations at Chongqing, Yibin, and Yichang; Wuhan; Anqing, Nanjing; and Shanghai
provided the precipitation data for the upper, middle, and lower reaches of the Yangtze
River, respectively. Daily water level data from 29 stations were obtained from the Theis
website (http://hydroweb.theia-land.fr/; accessed on 1 February 2021) 2016 to 2020.

3. Method
3.1. Calculated SDD Based on GEE

It is challenging to analyze the spatio-temporal variation of water quality in a large
area, especially for long time series. Excessive time is spent in data screening, data down-
load, data pre-processing, and so on. Therefore, it is necessary to establish an efficient
remote-sensing cloud data-processing platform. GEE is a free remote sensing cloud plat-
form that specializes in processing satellite images and earth observation data. Although
the GEE platform has synchronized surface reflectance data since 2017, these data have
only been synchronized in the present study area since 2019. The spatial resolution of all
bands of the Sentinel-2 surface reflectance data, called GEE, was 10 m. First, the Sentinel-2
data with cloud cover ≤ 40 were selected. Secondly, the Yangtze River water was extracted
by utilizing multi-band water index (MBWI), Gongpeng 10 m global classification products,
and K-means cluster analysis. Finally, FUI and hue angle α were calculated based on the
water extraction results, and the results were retrieved based on the FUI and hue angle α

of the Yangtze River. In addition, from 2017 to 2018, the Yangtze River SDD results were
obtained by downloading Sentinel-2 L1C TOA data from the official ESA website, and
atmospheric correction and band resampling were performed on the Sentinel-2 L1C TOA
locally. The surface reflectance data with a spatial resolution of 10 m were obtained to
retrieve the SDD results for the Yangtze River.

3.2. Waterbody Extraction

The Yangtze River Basin flows through 11 provinces, and there are many tributaries
and surface features around the main stream of the Yangtze River. To avoid the water areas
and surface features that were not in the study area being mistakenly extracted as water
bodies, the global surface coverage map with a spatial resolution of 10 m produced by
Gongpeng in 2019 based on Sentinel-2 remote sensing images and GEE was utilized for
extraction [44]. Because the range of the water body is affected by external factors and
changes at any time, the Gongpeng product was taken as the reference for the final water
body extraction. Wang et al. analyzed the reflectance differences of seven types of ground
objects, including water, vegetation, farmland, shadow, dark building area, bright building
area and soil, in six bands, including the blue, green, red, near-infrared bands, and two
short-wave infrared bands. Based on Landsat 8 OLI images, a new water index MBWI was
proposed [45]:

MBWI = 2Green-Red-NIR-SWIR1-SWIR2 (1)

This index effectively inhibits the interference factors around the water body.
Water extraction based on the water index was used to distinguish between water and

non-water portions of each remote sensing image by calculating the optimal threshold or
employing an artificially selected experience threshold. This approach was mainly used

http://www.ctg.com.cn/sxjt/sqqk/index.html
http://www.ctg.com.cn/sxjt/sqqk/index.html
https://gis.ncdc.noaa.gov/maps/ncei/cdo/daily
http://hydroweb.theia-land.fr/
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to calculate the optimal threshold of each remote sensing image based on the artificially
selected experience value by utilizing iterative and statistical methods. To reduce the
workload of calculating the optimal threshold and the human error caused by the artificial
selection of an empirical threshold, we used MBWI gray images as input data, and then
employed K-means clustering analysis to distinguish the water and non-water portions of
the study area [46].

The accuracy evaluation of water extraction is based on the results of MNDWI proces-
sor in SNAP software. The result in this study is based on the same scene Sentinel-2 image,
MRE = 1.04%. Figure 2 is the result of water extraction.
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3.3. SDD Calculation

Based on the Sentinel-2 images, hue angle α and FUI were calculated in five visible
light bands: R (Coastal aerosol), R (Blue), R (Green), R (Red), and R (Vegetation Red Edge).
The Commission International de l’é claim (CIE) is a standard chromaticity coordinate
system [47]. Hue angle α is a parameter describing color in CIE color space. According
to the color matching functions (CMFs), the weights of the X, Y, and Z tristimulus values
are obtained:

X = 11.756R(443) + 6.423R(490) + 53.696R(560) + 32.028R(665) + 0.529R(705)
Y = 1.744R(443) + 22.289R(490) + 65.702R(560) + 16.808R(665) + 0.192R(705)
Z = 62.696R(443) + 31.101R(490) + 1.778R(560) + 0.015R(665) + 0.000R(705)

(2)

The spatial resolution of the five abovementioned visible light bands is not consistent:
that of R (443) is 60 m; that of R (490), R (560.0), R (665) is 10 m; and that of R (705) is 20 m.
Therefore, before calculating the hue angle α, the spatial resolution of the five visible light
bands of the local data has been unified as 10 m. R (443), R (490), R (560), R (665), and
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R (705) in the formula correspond to R (443.9), R (496.6), R (560.0), R (664.5), and R (703.9)
in the Sentinel-2 image, respectively.

The chromaticity coordinates in the CIE color space were calculated based on the three
stimulus values of X, Y, and Z, and the calculated chromaticity coordinates are normalized
to the range 0–1. Based on the chromaticity coordinate system, a new coordinate system
was obtained: {

x = X
X+Y+Z

y = Y
X+Y+Z

(3)

Finally, the formula of hue angle α was obtained:

α = arctan
(

y− yw

x− xw

)
× 180

π
+ 180 (4)

where yw and xw are (1/3, 1/3).
By correcting each hue angle α, the optimal linear relationship between the hue

angle α based on hyperspectral calculation and the hue angle α calculated by satellite
sensor was determined. Specifically, the hue angle α was corrected by compensating for
the linear interpolation between the natural water spectrum and the sensor band [47].
Owing to the sensor band limitation, a large offset was produced, and the offset was not
generated randomly. The calibration formula of hue angle α based on the Sentinel-2 sensor
is as follows:

∆ = 46.2094a5 − 412.2561a4 + 1385.5708a3 − 2128.364a2 + 1443.7115a− 341.6433 (5)

where a is hue angle α divided by 100. By correcting the hue angle α, the hue angle α closer
to the water color can be obtained. In this study, the definition of hue angle α was based on
the point of equal-energy white light and increased with the main wavelength of color [47].
Note that the definition of hue angle α in this study is different from Hendrik Jan van der
Woerd and Marcel Robert Wernand [48]. Based on the calculation of FUI and hue angle α,
the SDD model is as follows [6]:{

FUI < 8, SDD = 3415.63× α−1.49

FUI ≥ 8, SDD = 284.70× FUI−2.67 (6)

3.4. Time and Spatial Aggregation

In this paper, the L1C TOA data of Sentinel-2 from 2017 to 2018 were downloaded
from the ESA official website, and the surface reflectance data from GEE of Sentinel-2
from 2019 to 2020 were used to calculate the spatial distribution, seasonal variations, and
inter-annual variations of the main stream of the Yangtze River (from Yibin City, Sichuan
Province to the estuary) from 2017 to 2020 by quoting the retrieval model proposed by
Wang et al. [6]. Generally, the 12 months in a year are divided into four seasons, where
March–May is spring, June–August is summer, September–November is autumn, and
December–February is winter. Because winter is from December to February every year,
the seasonal and interannual variations were analyzed in this study by adding the results of
the main stream of the Yangtze River in December 2016. However, there were no available
data for the upper reaches of the Yangtze River from January to March 2018.

According to the 48 months from January to December in each year from 2017 to
2020 in the Yangtze River Basin, the spatial distribution characteristics and seasonal and
interannual variations in the SDD of the Yangtze River were analyzed based on the remote
sensing inversion results of the Sentinel-2A/2B remote sensing image. Because the results
of single-day remote sensing image retrieval will be random, the monthly mean value
could more accurately reflect the variations in the Yangtze River SDD in the statistical
analysis. If multiple effective remote sensing images could be obtained in a month, the
results of these images were calculated respectively, and the average of all the results of
these images was taken to be the monthly average SDD for the relevant month. If only
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one effective remote sensing image was available in a month, the SDD calculated from this
remote sensing image was taken as the monthly average value of the corresponding month.
The statistical process of obtaining annual average SDD involved reducing the random
error of single day image statistics. The monthly average statistical data were taken as the
basic unit of the interannual variations data. The monthly average over a year was taken as
the annual average, and the average of the annual mean value obtained from 2017 to 2020
was taken as the four-year spatial distribution result of the Yangtze River. Table 1 shows
the statistical results of valid images obtained in each month from 2017 to 2020.

Table 1. Image selection schedule.

Month 2016 2017 2018 2019 2020

January 32 93 101 105
February 69 160 52 158

March 35 196 163 201
April 106 258 207 192
May 67 108 180 231
June 47 240 180 106
July 160 330 229 71

August 162 389 384 267
September 73 248 273 171

October 120 303 194 184
November 159 205 163 206
December 87 180 71 195 139

Total 87 1210 2601 2321 2031

3.5. Accuracy Evaluation of SDD

In this study, the average relative error, root mean square error, and rate of change
were used as the accuracy evaluation indices:

MRE =
1
n
|A− A′|

A
(7)

RMSE =

√
∑n

1 (A− A′)2

n
(8)

Variation Rate =
Standard deviation

Mean value
(9)

where A is the result of the calculation based on MODIS data, A’ is the result of the
calculation based on Sentinel-2 data, and n is the number of sampling points.

3.6. Model Adaptability

Because the main stream of the Yangtze River flows through Sichuan Province,
Chongqing City, Hubei Province, Hunan Province, Jiangxi Province, Anhui Province,
Jiangsu Province, and Shanghai City, the entire Yangtze River has a large span and the
optical characteristics of the inland water are complex. Empirical algorithms based on
the single-band model, band ratio, and band combination models cannot be adequately
applied in different regions and seasons. Because the color of the water body is not affected
by time and space, the quality of the water can be analyzed based on its color. Water
color can be used to evaluate the degree of water clarity [48]. Moreover, there is a strong
correlation between water color and water clarity in a wide range of inland and ocean
waters [48]. Although water color is affected by different components in water, the cor-
relation between water color and water quality is not affected by the change of water
components [6]. In addition, Wang et al. compared the calculation model based on FUI and
hue angle α with the band ratio, single band, and band combination model and concluded
that the accuracy of the FUI and hue angle α calculation model was better than those of the
empirical algorithms [6]. For a large range of inland water with many types of water, it is
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difficult to achieve accurate atmospheric correction at present, and the FUI and hue angle
α calculation results are less affected by the observation and atmospheric interference [48].

4. Result
4.1. SDD Results

Owing to the lack of in situ SDD data of Yangtze River and to prove that the SDD
retrieval model proposed by Wang et al. has good universality and stability, in this study,
the model was used to retrieve the water body characteristics of Baiyangdian Lake on 23
May 2019, and the accuracy evaluated with the in situ data of SDD on 21–22 May 2020.
Figure 3 shows the SDD precision evaluation results, where R2 = 0.7994, RMSE = 0.25 m,
MRE = 23.7%, and Pearson correlation coefficient = 0.89, which proves that the model has
good universality and stability.
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To further prove that the model proposed by Wang et al. can be adequately applied to
Sentinel-2 data, in this study, we acquired images for the central area of the Three Gorges
Reservoir in the upper reaches of the Yangtze River, on 13 October 2020 and 14 April 2020;
for the middle reaches of Wuhan City and Huanggang City, Hubei Province, on 11 October
2020; and for the downstream Nantong City and Taizhou City, Jiangsu Province, on 18
February 2020 and 5 September 2020. Consequently, if the variation rate of SDD estimated
by the two data sources was less than 15%, then the results could be considered reliable.
Figure 4 shows the sample point location. Two factors were considered when selecting
the sample points. First, if the sample points were selected on the shore, there could be
affected due to optical shallow water or pollutants. Second, the spatial resolution of the
MODIS and Sentinel-2 remote sensing image data were 500 and 10 m, respectively. Hence,
if a sample was selected on the shore, it could also be affected by mixed pixels. It was
necessary to avoid the effects of these interference factors when selecting the points. To
achieve this objective, the distance between each selected sample points and the shore was
required to be greater than 1 km.
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In MODIS remote sensing image data, taking each sample point as the center, 3 × 3
pixels are selected to calculate the mean value, standard deviation, and variation rate of the
region, and the average variation rate is 11.7%. The spatial resolution of the MODIS remote
sensing images is 500 m, 3 × 3 pixels, i.e., 1.5 × 1.5 km. Hence, to ensure that the selected
areas of the Sentinel-2 remote sensing images, 150 × 150 pixels were selected in Sentinel-2
image with each sample point as the center. Again, the mean value, standard deviation,
and average variation rate of each region were also calculated 11.6%. Figure 5 presents
the SDD precision evaluation results, where R2 = 0.8852, RMSE = 0.06m, MRE = 11.4%,
Pearson correlation coefficient = 0.94.
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4.2. Spatial Distribution

Figure 6 shows the calculated the spatial distribution of the SDD in the main stream
of the Yangtze River from January to December in 2017–2020. Additionally, Figure 6 shows
the mean value of the SDD from 2017 to 2020. The spatial distribution pattern of the SDD
in the main stream of the Yangtze River is high in the west and low in the east, with the
highest water clarity in the upper reaches and the lowest in the lower reaches. The mean
value of SDD in the main stream of the Yangtze River is 0.58 m, and the mean value of SDD
of the upper, middle, and lower streams are 0.96, 0.49, and 0.29 m, respectively. The upper
reaches of the Yangtze River are from Yibin City, Sichuan Province to Yichang City, Hubei
Province. The SDD in the upper reaches is higher on the east and west sides and lower in
the middle. Specifically, it is more than 1 m on the west and east sides. The middle reaches
of the Yangtze River are from Yichang City, Hubei Province to Hukou County, Jiujiang City,
Jiangxi Province. The SDD in the middle reaches is high in the west and low in the east.
Taking Dongting Lake in Hunan Province as the boundary, the SDD on the west side of
the Dongting Lake is higher than that on the east side. The lower reaches of the Yangtze
River are from Hukou County, Jiujiang City, Jiangxi Province to the estuary of the Yangtze
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River. According to the spatial distribution of the SDD in the main stream of the Yangtze
River, the upper reaches are better than the middle reaches, and the middle reaches are
better than the lower reaches.
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4.3. Seasonal Variation

Figure 7 depicts the seasonal variation of SDD in the main stream of the Yangtze
River from 2017 to 2020. The seasonal variation range of SDD in the upper reaches of
the Yangtze River is large at 1.39, 1.11, 0.26, and 0.87 m in winter, spring, summer, and
autumn, respectively. The monthly mean value of the upper reaches is the lowest in June
and highest in December. In the middle reaches of the Yangtze River, the mean value of
SDD is 0.61, 0.57, 0.35, and 0.46 m in winter, spring, summer, and autumn. The monthly
mean value of SDD in the middle reaches of the Yangtze River is the lowest in July and the
highest in February. The SDD in the lower reaches of the Yangtze River is higher in winter
and spring with the mean value of 0.31 and 0.33 m, respectively, and lower in summer
and autumn, with the mean value of 0.28 and 0.27 m, respectively. The monthly mean
value of SDD in the lower reaches of the Yangtze River is the highest in February and the
lowest in August. The upper, middle, and lower reaches of the Yangtze River are higher
in winter and spring and lower in summer and autumn. The maximum and minimum
of the monthly mean value of SDD appeared in winter and summer, respectively. The
overall seasonal variation of SDD in the main stream of the Yangtze River is similar to
that in the upper stream. The mean value of SDD is 0.77, 0.67, 0.29, and 0.53 m in winter,
spring, summer, and autumn, respectively. The monthly mean value of the main stream
of the Yangtze River is the lowest in July and the highest in December. In addition, the
seasonal variation trend of the SDD in Yangtze River is very similar to that in the Upper
Yangtze River.

4.4. Inter-Annual Variation

Figure 8 shows the inter-annual variations of the SDD in Yangtze River from 2017 to
2020. Table 2 summarizes the annual mean value of SDD in the upper, middle, and lower
reaches of the Yangtze River as well as the main stream from 2017 to 2020. Generally, the
annual variation range of the SDD in the main stream of the Yangtze River from 2017 to 2020
was large. The mean value of the main stream of the Yangtze River was the largest in winter
2017 and the smallest in summer 2020, at 0.96 and 0.24 m, respectively. Simultaneously, the
four seasonal and annual mean value of SDD the upper, middle, and lower reaches of the
Yangtze River as well as the main stream were calculated, respectively. The inter-annual
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variations of the SDD in upper reaches of the Yangtze River and the main stream were
basically the same, showing a downward trend from winter to summer every year and
upward trend in autumn. In 2017–2020, the annual mean value of SDD was the largest in
winter and the smallest in summer. However, in 2018, the mean value in the upper reaches
of the Yangtze River in autumn was slightly higher than that in winter. The inter-annual
variations of the SDD in the middle and lower reaches of the Yangtze River were similar
but slightly different from that in the upper and main reaches of the Yangtze River overall.
In the middle and lower reaches of the main stream of the Yangtze River, in 2017 and 2019,
the mean value of SDD in winter was the largest, and in 2018 and 2020, the mean value of
SDD in spring was the largest. In the middle reaches of the main stream of the Yangtze
River, the annual mean value of SDD in summer 2018–2020 was small, and only in spring
2017 was it the minimum. In the lower reaches of the main stream of the Yangtze River, the
mean value of SDD was the smallest in autumn 2018 and 2019, whereas the mean value of
SDD was the smallest in spring and summer in 2017 and 2019, respectively. The maximum
and minimum annual mean value of SDD in the upper, middle, and lower reaches and
main stream of the Yangtze River were 1.2 and 0.79, 0.76 and 0.35, 0.35 and 0.25, and 0.77
and 0.47 m, respectively.
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Table 2. The annual mean value results of upper reaches, middle reaches, lower reaches of the
Yangtze River SDD.

Year Upper Reaches (m) Middle Reaches (m) Lower Reaches (m) Yangtze River (m)

2017 0.91 0.43 0.29 0.55
2018 1.2 0.76 0.35 0.77
2019 0.79 0.35 0.25 0.47
2020 0.82 0.43 0.26 0.51

5. Discussion
5.1. Driving Forces of Water Clarity

The correlation coefficient is typically used to express the correlation between two vari-
ables. When one variable is increasing or decreasing, the other is increasing or decreasing,
and the two variables are positively correlated. When one variable increase or decreases,
while the other decreases or increases, the two variables are negatively correlated. The
larger the correlation coefficient is, the stronger is the correlation degree. The smaller the
correlation coefficient is, the smaller is the correlation degree.

There are three commonly used correlation coefficients: the Pearson correlation coeffi-
cient, Spearman correlation coefficient, and Kendall correlation coefficient. In this study,
the Pearson correlation coefficient was used to describe the correlation of two variables:

ρX,Y =
cov(X, Y)

σXσY
=

∑ XY− ∑ X∑ Y
N√(

∑ X2 − (∑ X)2

N

)(
∑ Y2 − (∑ Y)2

N

) (10)

There is a certain degree of similarity in the variations of water quality in inland,
coastal and ocean water, and they all showed a downward trend [26]. In different areas
of water, the factors that affect the water quality vary [4,5,49,50]. In the main stream area
of the Yangtze River, sediment runoff, precipitation, and water level may be the main
factors leading to changes in water clarity. The correlations between pairs of the factors
of sediment runoff, precipitation, and water level are all positive, as shown in Figure 9.
The correlation coefficients of sediment runoff and precipitation, sediment runoff and
water level, precipitation and water level were 0.66, 0.64, and 0.31, respectively. Due to
the rise of water level in the main stream of the Yangtze River caused by precipitation, the
increase in surface runoff introduced a large volume of sediment, leading to an increase in
sediment runoff.

Figure 10 presents the relationships between the three driving factors of sediment
runoff, water level, and precipitation in the upper reaches of the Yangtze River. There are
negative correlations between the SDD and runoff, SDD and water level, and SDD and
PRCP, which have correlation coefficients of −0.79, −0.62 and −0.75, respectively. During
2017–2020, the upper reaches of the Yangtze River have the lowest in summer; higher
in spring, autumn, and winter than in summer, and the highest in winter, but slightly
higher in spring than in winter 2020. The main reason for the rainfall being the lowest
in summer is that the rainy season is from May to September every year, and the flood
season of the Yangtze River is from July to August or September every year. Although the
precipitation along the Yangtze River increases in summer, the temperature of the Qinghai
Tibet Plateau in the upper reaches of the Yangtze River Basin is increasing significantly
under the background of global warming due to atmospheric greenhouse effect caused by
human activities. The head temperature shows an increasing trend, and the melting rate of
ice and snow is accelerating [50]. The increase in surface runoff introduces a large volume
of sediment, which may increase water turbidity and cause the water quality to decrease in
summer. The amount of sediment runoff, water level, and precipitation in summer 2020
are significantly higher than those in summer 2017–2019, which may have been due to
the increase in rainfall in the upstream area caused probably by the Hongfeng typhoon in
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summer 2020, which brought a large amount of precipitation and caused water pollution.
The increase in water level and sediment runoff led to a decreased SDD.
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Figures 11 and 12 show the relationships between the sediment runoff, water level, and
precipitation, in the middle and lower reaches of the Yangtze River. The middle reaches
of the Yangtze River are negatively correlated with sediment runoff and precipitation,
whereas the middle reaches of the Yangtze River are negatively correlated with the water
level. The correlation coefficients between the SDD and sediment runoff, SDD and water
level, and SDD and PRCP were calculated to be −0.62, 0.18, and −0.46, respectively. The
lower reaches of the Yangtze River are negatively correlated with sediment runoff and
precipitation, and the correlation coefficients between the SDD and sediment runoff, SDD
and water level, and SDD and PRCP were calculated to be −0.47, −0.49, and −0.22. The
correlations of the middle and lower reaches are not stronger than those of the upper
reaches. There may be two main reasons for this finding. First, the large-scale construction
of reservoirs in the Yangtze River basin may decrease sediment runoff. According to
statistics, approximately 22% of the sediment in global rivers is intercepted in reservoirs
every year [51]. For example, the implementation of the Three Gorges Project and the South
to North Water Diversion Project has changed the general law of the distribution of water
resources in the Yangtze River [52]. Since the Three Gorges Reservoir began operation
in 2003, the sediment runoff in the middle and lower reaches of the Yangtze River has
decreased significantly [36]. Since the 1950s, more than 350,000 dams have been built in
the Yangtze River Basin. By 2015, more than 280 large reservoirs and 130 medium-sized
reservoirs have been built in the Yangtze River Basin, with a total capacity of more than
360 billion m3. These reservoirs significant affect the annual distribution of sediment runoff
through peak shaving and dry compensation, resulting in a significant increase in sediment
runoff in the middle and lower reaches of the Yangtze River during the dry season, a
decrease in sediment runoff in the wet season [36]. Simultaneously, after the impoundment
and operation of the reservoir, a large amount of sediment is intercepted in the reservoir,
significantly decreasing in the sediment runoff of the main stream of the Yangtze River,
especially in the middle and lower reaches [53]. Meanwhile, pollution, such as urban
sewage, garbage pollution, and chemical pollution, in the middle and lower reaches of the
main stream of the Yangtze River may be more serious.
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ban sewage, garbage pollution, and chemical pollution, in the middle and lower reaches 
of the main stream of the Yangtze River may be more serious. 
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5.2. Deficiencies

The study uses the SDD retrieval model proposed by Wang et al. [6], which is based
on simulation, in situ, and MODIS matching data. However, the in situ dataset in this
model does not include the in situ and Sentinel-2 matching data of the Yangtze River Basin,
which may limit the results of the SDD retrieval of the Yangtze River. Noteworthily, SDD is
negatively correlated with hue angle and FUI, which has a theoretical basis. Therefore, the
relative size of the SDD of the Yangtze River obtained by Wang’s model is unproblematic;
that is, the spatial distribution and temporal change trend are not complicated. However,
it should be noted that there may be some errors in the absolute value of the SDD results
retrieved by Wang’s model [6].
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Most water quality parameters retrieval models that employ empirical methods are
based on the original spectral characteristics of optical images. Niroumand–Jadidi et al.
and Gholizadeh et al. provided a comprehensive discussion of the common retrieval
methods to determine sensors suitable for selecting the optimal band combination and
quantitatively evaluating 11 water quality parameters when constructing the water quality
parameter retrieval model [54,55]. However, the retrieval models based on the spectral
index are all oriented to some typical study areas. For the models to be applied to the
Yangtze River region, it is generally necessary to optimize them based on the in situ SDD
data of the Yangtze River. However, considering the lack of in situ SDD data, we used the
SDD retrieval model, which has been verified to be suitable for various water bodies in
China [6].

In the future, if more in situ SDD data from the Yangtze River are obtained, we will
compare the models constructed by various spectral indices. In addition, we will construct
the SDD retrieval model according to the spectral characteristics, evaluate its accuracy, and
compare it with the existing SDD retrieval model.

6. Conclusions

Owing to the large span of the Yangtze River, the complexity and dynamic variability
of the optical properties of inland water limit the applicability of empirical and analytical
models. FUI and hue angle α are optical parameters that are not affected by changes in the
water components and light field and have strong anti-interference abilities with regard to
the atmosphere. The accuracy evaluation results of the model: R2 = 0.8854, RMSE = 0.07m,
MRE = 14.0%, Pearson correlation coefficient of 0.93, which proves that the model based
on MODIS data can be well applied in Sentinel-2. Spatially, the upper reaches of the
Yangtze River are generally higher than those of the lower and middle reaches, and lower
reaches of the Yangtze River were the lowest. The upper reaches of the Yangtze River
exhibited a larger time variation range than the middle and lower reaches. From 2017 to
2020, the upper and lower reaches of the Yangtze River and the overall SDD showed a weak
downward trend, whereas the middle reaches of the Yangtze River almost unchanged. The
results show that Sentinel-2 remote sensing image can retrieve the results of large-scale
and long-time series. Monitoring water quality based on remote sensing technology is an
economic, efficient, and intuitive monitoring method and can provide valuable reference
information for the development of corresponding water quality management policies for
the main stream of the Yangtze River.
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