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Abstract: In estuary areas, meteorological conditions have become unstable under the continuous
effects of climate change, and the ecological backgrounds of such areas have strongly been influenced
by anthropic activities. Consequently, the water quality of these areas is obviously affected. In this
research, we identified periods of fluctuation of the general meteorological conditions in the Yangtze
River Estuary using a wavelet analysis. Additionally, we performed a spatiotemporal evaluation of
the water quality in the fluctuating period by using remote sensing modeling. Then, we explored
how the fluctuating meteorological factors affect the distribution of total suspended solids (TSS)
and chlorophyll-a (Chla) concentration. (1) The results show that from 2000 to 2015, temperature
did not present significant fluctuations, while wind speed (WS) and precipitation (PR) presented
the same fluctuation period from January 2012 to December 2012. (2) Based on the measured water
sample data associated with Moderate Resolution Imaging Spectroradiometer (MODIS) imagery,
we developed a water quality algorithm and depicted the TSS and Chla concentrations within the WS
and PR fluctuating period. (3) We found that the TSS concentration decreased with distance from the
shore, while the Chla concentration showed an initially decreasing trend followed by an increasing
trend; moreover, these two water quality parameters presented different inter-annual variations.
Then, we discussed the correlation between the changes in the TSS and Chla concentrations and
the WS and PR variables. The contribution of this research is reflected in two aspects: 1. variations
in water quality parameters over a wide range of water bodies can be evaluated based on MODIS
data; 2. data from different time periods showed that the fluctuations of meteorological elements
had different impacts on water bodies based on the distance from the shore. The results provide new
insights for the management of estuary water environments.

Keywords: Suspended Solids; Chlorophyll-a; MODIS; Yangtze River Estuary

1. Introduction

Estuaries are areas that interface with the ocean and represent destinations of watershed material;
thus, they represent important natural regions that exchange many types of matter and energy between
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continents and oceans [1]. Consequently, such regions exert an extensive influence on the surrounding
ecological environment. Unfortunately, recent studies have shown that water-quality problems in
many estuaries are becoming serious due to the effects of human activities and climate change [2].
Industrialization and urbanization have negatively affected water quality, and the over-fertilization of
agricultural activities and domestic wastes have led to an over-enrichment of nutrients in estuary water
bodies [3,4]. Moreover, as the consequences of climate change become more visible, many researchers
have recognized the increasing instability of weather conditions [5], which affect water and nutrient
cycling, especially in vulnerable areas, such as estuaries.

The Yangtze River Estuary is located in eastern China, and as a nationally important sediment
transport port, it plays an important role in social and economic development over the Yangtze
River Delta [6]. According to long-term observation data from the Datong hydrological station,
the average runoff of this river basin is greater than 9.05 × 1011 m3 per year [7]. At the same time,
the Yangtze River Estuary has also faced water-quality problems as observed in other estuaries around
the world [8], especially under the rapid urbanization and industrialization process in the Yangtze
River Delta, where anthropic activities are exacerbating water-quality problems [9]. Consequently,
these water-quality problems have severely affected coastal reclamation and fishery production [10].
Therefore, monitoring the water-quality problems (especially those of sediment and eutrophication),
identifying their spatiotemporal dynamics, and describing their influencing factors and mechanisms
of interaction are important for water quality management in estuary areas.

Although field observation methods generate accurate measurements, they are time consuming
and costly. Satellite remote sensing is a powerful monitoring tool for depicting spatial and temporal
variations in water quality [11,12], especially for water-quality problems related to sedimentation and
eutrophication, since these problems directly affect a water body’s spectral response in the visible
and near infrared regions [13,14]. For water quality monitoring, total suspended solids (TSS) and
chlorophyll-a (Chla) are widely used to control the sedimentation and eutrophication processes,
respectively [15,16]. Specifically, TSS is a key variable for describing sediment dynamics [17] while
Chla is an important proxy for phytoplankton biomass in aquatic ecosystems [18].

A number of satellite sensors have been used for water quality monitoring [19–24]. Several
studies have proposed reliable algorithms for depicting water quality variables based on MODIS
imagery [13,20,21,25]. Other recent studies have shown that water quality variables are obviously
influenced by meteorological conditions [11,26]. Therefore, it is important to take the meteorological
conditions into account in water-quality studies based on remote sensing methods.

Hence, the main aims of this study are as follows: (1) to identify the fluctuation periods of
meteorological conditions during the study period, (2) to model the TSS and Chla concentrations in
the Yangtze River Estuary based on MODIS images, and (3) to describe the influence of fluctuating
meteorological conditions on water-quality variables.

2. Data and Methods

2.1. Data Pre-Processing

2.1.1. Collection of Water Samples and Laboratory Analysis

Water samples were collected from the water surface (approximately 50 cm) using Niskin bottles.
All samples were placed in boxes and transported to the laboratory and filtered within 3 h to avoid the
risk of degradation. The analysis of the TSS and Chla concentrations in all samples was completed
within three days after collection.

From each water sample, 1 L was extracted to determine the TSS concentration, and sample
filtration was performed with pre-weighed filters of 45-µm porosity and 47-mm diameter. The TSS
concentration of every water sample was obtained as a function of the filtered water volume in mg/L
by comparing the weight before and after filtration [27].
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To analyze the content of Chla in the water samples, 1-L water samples were also
extracted; these samples were filtered using 0.45-µm GF/F filters (Soochow Mary Precision
Manufacture CO., LTD., Suzhou, China) at first and stored in the dark for 24 h at 4 ◦C. Subsequently,
the samples were ground and centrifuged and then extracted with acetone. Then, the extinction rate
of one drop of 1 mol/L hydrochloric acid before and after acidification was measured at 665 nm
and 750 nm using a Shimadzu UV-2501 instrument (SHIMADZU Co.,LTD., Kyoto, Japan). Finally,
the concentration of Chla was obtained according to the concentration calculation formula proposed
by Chen [28]:

CChla = 27.9Vacetone[(E665 − E750)− (A665 − A750)]/Vsample (1)

where Cchla is the concentration of chlorophyll-a (mg/m3); Vacetone is the volume of the volumetric
solution of the extraction solution (mL); Vsample is the volume of filtered water (L); E665 and E750
are the extinction rates at 665 nm and 750 nm, respectively, before hydrochloric acid acidification;
and A665 and A750 are the extinction rates at 665 nm and 750 nm, respectively, after hydrochloric
acid acidification.

2.1.2. MODIS Satellite Data Pre-Processing

Considering the large area and the large variation in water quality, MODIS data are ideal because
of their higher band resolution and shorter data period (approximately one-day intervals) [29].
MODIS/Terra 500-m resolution data were used in the data analysis because of the multi-band
combination and spatial resolution. A total of five cloud-free MODIS/Terra 500-m resolution images
from Level-1, which were captured from the Atmosphere Archive & Distribution System (LAADS) [30],
were used to develop the MODIS-based evaluation model for TSS and Chla. Among the five remote
sensing images, two of them had the same collection time as the water sample collection, and the
difference between the other three and the time of the water sample collection was less than or equal
to 4 days in order to avoid the influence of cloud occlusion and to ensure the synchronization between
remote sensing data and measured data.

Cloud cover was extracted for each image using the MODIS cloud mask product MOD35.
Then, considering the BOW-TIE phenomenon in the initial MODIS data [31], we calibrated the
data using geometric correction based on the IDL (Interactive Data Language) and MRT (MODIS
Reprojection Tool) software. The position accuracy of the corrected image was less than 0.5 pixels
after processing. The radiometric calibration of data was carried out by offsets, scales, and other
parameters in the original data. Then, referring to the relevant study, we used the Fast Line-of-sight
Atmospheric Analysis of Spectral Hypercubes (FLAASH) atmospheric correction model to correct
the data and reduce the radiation errors caused by atmospheric effects at the same time [32,33].
In addition, a constant amount of water vapor was considered for all pixels of the scene according
to the atmospheric model, and depending on the water vapor content, different atmospheric models
had different values. Here, the MODIS dates correspond to each sample collection event based on the
Mid-Latitude Winter and Mid-Latitude Summer atmospheric model [34]. The rural aerosol model was
selected according to the regional context, and the initial visibility was 25 km [35]. Finally, the elevation
of the field was approximately 0 km, which was observed using Advanced Spaceborne Thermal
Emission and Reflection Radiometer Global Digital Elevation Model (ASTER-GDEM) data.

2.2. Study Area

The Yangtze River Estuary is located in southeastern China (Figure 1a), and the spatial form
is in the shape of a trumpet (Figure 1b). Water bodies in this area are mainly divided into three
channels by Chongming Island in the north and ChangXing Island and HengSha Island in the south
(Figure 1b) [6]. In this area, according to the observation data from hydrological stations, the annual
average discharge and sediment transport are approximately 924 billion m2 and 486 million tons per
year, respectively. Many observation results have shown that the spatial distribution of suspended
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sediment concentrations is not even in this area and ranges from 20 mg/L to 2500 mg/L [36,37].
According to the relevant research in this area, non-uniform wind, water waves, nutrient sources
and other related natural and socio-economic conditions around this estuary area result in this
uneven distribution of suspended sediment concentrations and eutrophication concentrations [6,38,39].
Consequently, other studies have pointed out that the uneven distribution patterns of water quality
will impact the surrounding estuary ecosystem, especially the habitats related to bird and vegetation
resources along Chongming Island [40].

Figure 1. (a) The study area is distributed in eastern China and is backed by Eurasia and faces the
Pacific Ocean. (b) Yangtze River runoff is divided into a northern tributary based on Chongming Island
and a southern tributary, which is divided into two channels by ChangXing Island and HengSha Island.
(c) Location of the water sampling points and meteorological observation point; we conducted water
sample collection twice in November and June with the same spatial distribution shown in this figure.

The selected study area is shown in Figure 1b. The normalized difference water index
(NDWI) [41] was used to identify the water body distribution around the Yangtze River Estuary
from the 20-km buffer zone to the 120-m buffer zone from Chongming Island, Hengsha Island,
and Changxing Island. Then, the rectangular region from the tangential line between the 20-km buffer
on the north side and the 120-km buffer on the east side was considered the final research area based
on a consideration of the trumpet shape and to facilitate future analyses. Water sample collection
in this area was performed on two occasions: from 20 to 22 November 2012, and from 29 May to
1 June 2013. In total, 46 water samples were collected. We tried to keep the spatial distribution of the
sampling sites fixed throughout the study area as shown in Figure 1c.

2.3. Meteorological Data Analysis

Referring to the relevant studies [42–44], temperature, precipitation (PR) and wind speed (WS)
were selected. The daily temperature, PR and WS data from the Chongming meteorological station
(shown in Figure 1c) were collected from the National Meteorological Information Center [45]. The time
span of data is from 1 January 2000 to 31 December 2015. To simplify the calculation process and make
the results more intuitive, the three meteorological variables were calculated over an average period of
eight days. Then, these three variables in all eight-day periods were assessed for further analysis.

In addition, to identify the abnormal time periods for meteorological conditions, wavelet analysis
was used in this study to describe the fluctuation and attenuation characteristics and mark the abnormal
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time period. Specifically, we used the continuous wavelet transform (CWT) method [46,47], and the
formula of this method is as follows:

Wf(a, b) = |a|−
1
2

∫
R

f (t)ψ
(

t− b
a

)
dt (2)

where Wf(a, b) represents the wavelet transform coefficient, f(t) represents the signal or square
integrable function, b represents the translation parameter, and ψ

(
t−b

a

)
represents the complex

conjugate function of ψ
(

t−b
a

)
[48,49].

The variation of the wavelet (Var(a)) is as follows:

Var(a) =
∫ ∞

−∞

∣∣∣W f (a, b)
∣∣∣2db (3)

This equation can be used to determine the relative intensity of the different mesoscale
disturbances of the study period.

2.4. Model Development and Accuracy Evaluation

Before the model development, it is necessary to determine which band reflectance or band
combination is most suitable for predicting the TSS and Chla. We used the Pearson correlation index
to test the correlation relationship between the water quality and the band value [50].

Subsequently, to calculate and determine which model is most suitable for local water quality
assessments, different studies have used different methods of measuring the accuracy of the model.
In this study, the R2, mean absolute percentage error (MAPE), and root mean square error (RMSE)
were used, and the formulas for calculating the MAPE and RMSE are as follows:

MAPE =
1
n

n

∑
i=1

∣∣∣∣∣WQi
meas −WQi

pred

WQi
meas

∣∣∣∣∣× 100% (4)

RMSE =

√√√√∑n
i=1

(
WQi

meas −WQi
pred

)2

n
(5)

where WQi
meas and WQi

pred represent the measured and predicted water quality concentrations for the
i-th sample, respectively. The closer the MAPE and RMSE values are to 0, the better the prediction of
the model. The prediction effect of the model is greater as the R2 value approaches 1.

3. Results

3.1. Meteorological Time Series

The results of the meteorological data analysis are shown in Figure 2. Among them, Figure 2a
confirms that a significant fluctuation phenomenon did not occur for air temperature within the study
period. In contrast, Figure 2b shows that PR fluctuated and presented a main fluctuation cycle on the
25–35 time scale and a second fluctuation cycle on the 8–10 time scale. In Figure 2c, the WS fluctuated
on the 10–15, 20–30, and 40–50 time scales, with the main fluctuating cycle on the 20–30 time scale
and the second fluctuating cycle on the 40–50 time scale. Then, to determine the specific time of
the fluctuation cycle of PR and WS, the wavelet power spectrum corresponding to the PR and WS
variables was obtained based on the CWT method. According to Figure 2d, the main fluctuation cycle
of PR occurred within the 100–200th 8-day period and the 550–600th 8-day period of the study period.
Figure 2e indicates that the main fluctuation cycle of WS appeared in the 0–50th 8-day period and the
550–600th 8-day period of the study period. These two variables both fluctuated during the 550–600th
8-day period, and this time period corresponds to the actual time from January 2012 to December 2012
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as shown in Figure 2d,e. Therefore, this study chose the period from spring to the end of winter of
2012 as the research time period to explore the impact of exceptionally strong fluctuations of PR and
WS on water quality.

Figure 2. Results of the wavelet analysis of air temperature, precipitation, and wind speed, with eight
days used as the time period. The curves of the wavelet variance for temperature (a), precipitation (b),
and wind speed (c); the red circles represent prominent periods in this numerical region. The wavelet
power spectrum for precipitation (d) and wind speed (e); the red circles represent prominent periods
in this numerical region.

3.2. Algorithm Development and Accuracy Evaluation

3.2.1. Band Selection for the Algorithm Development

Figure 3 shows the Pearson correlation results between the band values of MODIS data and the in
situ TSS and Chla concentration measures. The relationship between TSS concentrations and single
band data is high. High concentrations of suspended solids generally enhance the scattering value of
each band and absorb a considerable amount of light [51], weakening the correlation between single
band value anc Chla-concentrations [52].

According to these characteristics, we developed the model to evaluate TSS and Chla from a
different point of view. Band 1 and band 4 were used to develop the TSS evaluation model because
of the higher Pearson correlation values. Through the use of multiple linear regression models,
we incorporated both band 1 and band 4 to build the TSS evaluation model. For the evaluation of Chla,
many studies have been carried out using single-band numerical modelling [12,53]. Considering the
need to reduce the effect of TSS on the Chla spectra, we chose the three-band index (TBI) to evaluate
the concentration of Chla. Based on the feature of MODIS data, we selected the optimized TBI model
from related research [54]. The calculation process of this model is as follows:

TBI = [R−1(b1)− R−1(b3)× R−1(b4)]× R(b2) (6)

where bi represents the i band of MODIS, and R(bi) represents the reflectivity of the i band.
This method has been widely used in other studies under the condition of higher suspended solids
concentration [55], especially in estuaries and other turbid water bodies [54,56–58]. We analyzed
the correlation between the TBI and Chla measured data. The Pearson correlation index was 0.81,
which indicated that this index could reduce the effect of high TSS concentrations on the Chla under
the condition of high suspended solids concentration and improve the accuracy of the Chla evaluation
model in the study area.
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Figure 3. Pearson correlation coefficients between total suspended solids (TSS) and chlorophyll-a
(Chla) concentrations versus MODIS 1b bands. The red dot represents the P value obtained from the
correlation calculation, and is less than 0.05.

3.2.2. Algorithm Development

We developed the TSS and Chla evaluation algorithm model based on the in situ data and the
MODIS band reflectance after correction. Specifically, all water sample databases were divided into
two groups to develop the remote sensing algorithm models: one group was used to control the
algorithm development (36 water samples, accounting for approximately 80% of all data) and the other
water sample group (10 water samples, accounting for approximately 20% of all data) was used as an
independent dataset to verify the accuracy of the algorithm. In addition, the previous section showed
that the spectral properties of TSS and Chla are quite different. Therefore, two random groupings of
all data were generated in aiming to evaluate the concentrations of TSS and Chla.

Based on the high correlation index (i.e., the index obtained by the multiple linear regression
for TSS and by the TBI for Chla), linear, nonlinear and exponential correlations (linear, power low,
exponential, quadratic, etc.) were used to analyze the relationship between the model results and the
measured concentrations of TSS and Chla to determine which model had the best fit. Two models
were finally developed:

CTSS = e(0.00346×(0.78915×R(b1))+1.51921) (7)

CChla = 1.34446× TBI − 0.224426 (8)

CTSS and CChla represent the concentration of TSS and Chla, bi represents the i band of MODIS,
and R(bi) represents the band reflectivity of bi. It is important to note that although band 4 had a high
correlation with the TSS concentration, band 4 was not considered in the results of the TSS evaluation
algorithm because in the multiple linear regression, the probability of the Student’s t test corresponding
to band 4 was 0.15 >0.1; therefore, the regression analysis did not consider band 4. In Fábio’s study,
only band 1 was considered when calculating the TSS concentration [12].

As shown in Figure 4, to demonstrate the accuracy of the model predictions, we evaluated
the accuracy of each model and found that each evaluation index performed well. The MAPE and
RMSE values of the TSS remote estimation model were 28.58% and 10.08, respectively (Figure 4c).
The MAPE and RMSE values of the Chla remote estimation model were 44.39% and 0.104, respectively
(Figure 4d). Although the accuracy of these algorithm results is limited, the evaluation results
revealed, in consideration of the large study area, the data quasi-synchronization problem, and the
RMSE value of these two models are less than the accuracy results from other studies in similar
research areas [12,23,24]; therefore, we considered the accuracy of our model to adequately meet our
requirements in depicting the water quality distribution in this large estuary area. Thus, MODIS data
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for other time periods can be input into these models to evaluate the concentrations of TSS and Chla
across time scales.

Figure 4. Scatter plot for the in situ measurement value and MODIS-based model-evaluated value of
TSS (a) and Chla (b). Model accuracy test results for TSS (c) and Chla (d).

3.3. Spatiotemporal Variations

We obtained MODIS images with low cloud cover throughout the study area during the period
from March 2012 to February 2013, when the PR and WS have the greatest fluctuations. All images
(a total of 45 MODIS images) were then screened on the condition that the interval was greater than
15 days (a total of 11 images was finally selected), considering the distinct characteristics of the four
seasons in the subtropical region: spring is from March to May, summer is from June to August,
autumn is from September to November, and winter is from December to February of the next year.
These selected images were then pre-processed.

Figure 5 intuitively reflects the changing trends of the TSS and Chla concentrations in different
spaces and times, which is similar to other relevant evaluation results in this area [15,59]. Figure 6
shows the average concentration of the evaluation results of each region in each period.

Overall, as shown in Figure 5, there are obvious differences between the TSS and Chla
concentration. The concentration of TSS ranged from 4.5 mg/L to 2039.01 mg/L, with a mean value of
259.89 mg/L, and the value decreased from the land to the sea. Seasonally, the mean values of winter
and summer were significantly higher than those of spring and autumn, which is consistent with Wu’s
study results [60]. Specifically, the high TSS concentration value was mainly located in the coastal
areas in summer, while the TSS concentration values in winter were more scattered. The concentration
of Chla showed an obvious band-gap distribution, in which the mean value of the area farther offshore
(A4) was the highest (0.66 ± 0.29 µg/L) and the mean value of the middle region (A2) was the lowest
(0.49 ± 0.14 µg/L). Seasonally, the average values in spring and summer were higher than that in
winter, and the values were more dispersed in spring and summer than in winter.
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Figure 5. The spatial variations of TSS (a) and Chla (b) concentrations in time series for the study area.
The white part of the picture represents the land- and cloud-covered areas.
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Figure 6. The average values of TSS (a) and Chla (b) in all study areas and four regions from every
model calculation based on 11 MODIS data in the time period of abnormal fluctuations of wind speed
(WS) and precipitation (PR).

4. Discussion

In this study, we selected the influence of three meteorological factors: (1) Temperature: the water
surface temperature is directly related to the growth of aquatic plants and microorganisms in the
water body [61,62]. (2) PR: a high level of PR increases the surface water flow into the estuary area,
representing an important source for sediment and nutrient contents [62,63]. (3) WS: the WS not only
affects the water surface flow and sediments but also affects the strength of the ocean currents near the
estuary area [64,65].

The results of this study confirm the usefulness of MODIS data to evaluate water quality indicators
in aquatic ecosystems [66,67].

In terms of model accuracy, the MAPE and RMSE values were relatively small for the model in
this study, indicating that the results are better than those of other TSS and Chla evaluation studies
based on MODIS data.

The use of remote sensing to evaluate the water quality is mainly based on the principle that
the water spectral characteristics are affected by the material activity in the water body. Therefore,
combining different bands can obtain more information about active substances in the water bodies.
Considering that the spectral characteristics of Chla were affected by the high TSS concentration in
the estuary, the single-band model was not satisfactory. Thus, we considered applying more complex
band combinations to reduce the impact of TSS on the development of the Chla evaluation model.

Based on the results of spatiotemporal variations, we found that there are obvious differences in
the amplitude of the seasonal variations in the different regions, which may be due to the different
effects of PR and WS in the different regions. We further discuss the impact factors of different types of
water quality.

4.1. Factors Affecting TSS concentration

First, we calculated the mean WS and accumulated PR over the 15 days before the corresponding
date of each MODIS data point acquisition time. We used the Pearson correlation index to evaluate
the correlation between the TSS mean value with the mean WS and cumulative PR values in the
entire study area and four sub-regions. As shown in Table 1, a significant correlation was observed
between the mean TSS concentration and the mean WS (Pearson correlation index = −0.67, p <0.05)
and the accumulated PR (Pearson correlation index = −0.554, p <0.05) in the study area. A positive
correlation was observed between the TSS concentration and PR (Pearson correlation index >0),
although a negative correlation was observed between the TSS and WS (Pearson correlation index <0).
These results were obtained for several reasons. 1. In addition to the large amount of sediment carried
by the upper reaches of the Yangtze River, the inflow of peripheral runoff is also an important source
of sediment, and the PR process will rapidly increase the sediment content in the suspended matter of
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rivers, and this content is transmitted to the estuary’s water body via runoff from the surrounding
area, such as the Huangpu River [68]. 2. According to relevant studies, the particle size of suspended
solids in the Yangtze Estuary is larger than that in other areas [69]. Therefore, when the WS increases,
the flow velocity of the surface water also increases, and the subsidence rate of suspended solids in the
Yangtze Estuary increases, which reduces the residence time of large-sized suspended solids in the
surface water and reduces the content of particulate matter finally in the surface water.

Table 1. Pearson correlation coefficients between the mean total suspended solids (TSS) concentration
value of four sub-regions and all study areas. Red font represents the correlation between the average
value of the region’s TSS concentration and the variables (p <0.05).

A1 A2 A3 A4 Entire Study Area

WS −0.762 −0.624 −0.25 0.19 −0.67
PR 0.526 0.328 0.356 0.608 0.524

Overall, the correlation between these two indexes and the TSS concentration also explains why
the TSS concentration reached its peak in spring and winter. 1. The study area backs the largest
continent (Eurasia) and faces the largest ocean (Pacific). The strong monsoon characteristics cause PR
to be concentrated in spring and summer. Especially in spring, the PR begins to increase after winter.
The runoff from the Yangtze River’s upper reaches introduces a high quantity of sediment into the
study area, which causes the concentration of TSS to peak in spring. 2. Although PR decreases in
winter, the WS on the ocean surface is still higher. Therefore, some particles with smaller sizes and
slower subsidence rates extend to the east, and suspended solids in surface waters have more area in
which to diffuse, which increases the concentration of suspended solids in some areas that are farther
away from the shore.

Regionally, the correlations between the TSS concentration and the PR and WS in the A1 and A2
regions are relatively consistent because most of the particles in the surface waters of these regions
are made up of large or medium sized particles, according to related research [70]. The large particles
in these surface waters are mainly sourced from surface runoff in the surrounding area. Therefore,
the influence of PR on the surrounding water is mainly distributed in A1, in which the runoff directly
flows into the study area. Therefore, the diffusion of these PR-induced suspended solids gets weaker
as the particles get farther from the shoreline. As the offshore distance increases, the subsidence rate of
these large particles also increases, which results in a stronger correlation between the concentration of
TSS and PR in A1 than in A2 and A3. The negative correlation with WS is also consistent with this
result because the sinking velocity of these particulates increases with the increase in WS, although
this cannot explain the changes in the A4 region. Because the total amount of TSS in the surface water
layer is lower and the diameter is smaller, the TSS is mainly sourced from long-distance transport
from the nearshore area. The fine sediment carried by the current from the nearshore increases the
concentration of TSS in this area as the WS increases. Therefore, there is a positive correlation between
the TSS concentration and WS in A4. In addition, PR not only increases the amount of large particles in
the suspended particulate matter but also increases the amount of fine particulate matter transported
along with the flow. Overall, the TSS concentration in this area is closely related to the PR. Seasonally,
the TSS concentrations in the A1 and A2 regions reached their maximum values in spring due to the
increase of PR. However, in A4 and A3, although the nearshore particulate matter increases, the fine
particles transferred into this area are limited due to the limited WS. Most of the TSS concentration is
distributed near the west side of the study area. The spatial difference of the TSS concentration in the
study area is large in spring. In autumn, the PR decreased but the WS remained higher, causing the
difference in the particulate matter in the study area to weaken. In winter, the PR continued to decrease
but the WS was still higher, causing the concentration of TSS to increase in A3 and A4. The peak value
of the TSS concentration moved eastward, increasing the average TSS concentration of the study area.
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4.2. Factors Affecting the Chla Concentration

There are many factors that contribute to changes in the Chla concentration [70], and the
concentration of suspended solids should be considered in this region because of the large amount of
sediment in the water body of the study area. Although suspended solids in water can promote Chla
content because nutrients, such as nitrogen and phosphorus, sometimes occur as larger suspended
solids or are adsorbed on the surface of particulate matter in the water, suspended solids also inhibit the
concentration of Chla by blocking sunlight when the concentration of TSS exceeds a certain threshold.
The relationship between these two variables has been previously discussed [55]. In this section,
the TSS concentration is also considered in the Chla concentration analysis.

The Pearson correlation analysis results are shown in Table 2. The average Chla concentration in
the study area has a significant correlation with the cumulative PR (Pearson correlation index = 0.576,
p <0.05) and a weak correlation with WS. This result is mainly because the amount of nutrients
directly determines the concentration of Chla in the estuary water body. The nutrients in the water
of the Yangtze Estuary are mainly sourced from the surrounding farmland and the populated areas.
These nutrients will be transferred into the water body by increases in surface runoff caused by PR.
Therefore, when the PR increases, the Chla concentration of the surface water will inevitably increase,
which explains why the Chla is mainly distributed in spring and summer.

Table 2. Pearson correlation coefficients between the mean Chla concentration values of four
sub-regions and the entire study area. Red font represents the correlation between the average regional
Chla concentration value and the variables (p < 0.05).

A1 A2 A3 A4 Entire Study Area

WS 0.134 0.163 0.245 0.28 0.189
PR 0.27 0.461 0.482 0.575 0.576
TSS 0.621 0.22 −0.53 −0.29 0.165

Regionally, the correlation between the Chla concentration and the various indexes showed
obvious differences, especially in terms of the correlation with TSS. There is a significant positive
correlation between Chla and TSS in A1 because the nutrients along the coast, such as phosphorus,
are mostly in the form of larger particles. Therefore, as the TSS concentration increases, the nutrient
conditions in the water body are enhanced, which promotes the growth of Chla. However, this effect
weakens with increasing offshore distance, especially in A3. The deposition of large-sized nutrients
in the TSS decreases with increasing offshore distance, and the amount of nutrients brought by TSS
decreased significantly. Moreover, the absorption of light by suspended solids inhibits the growth of
Chla. Therefore, there is a negative correlation between TSS and Chla in these regions.

Seasonally, because PR and TSS are concentrated in spring and summer, there are more nutrients
entering the water body in A1 and A2 from land sources. In winter, with the decrease in PR, the content
of nutrients in the TSS decreased, and the total nutrients from coastal areas decreased significantly.
This change caused the Chla concentrations in spring and summer to be significantly higher than those
in autumn and winter. In A3 and A4, the Chla concentrations were higher in spring and summer
because of the increased PR. In autumn and winter, because the PR decreased, the amount of TSS from
the coastal area decreased, and the Chla in this area can thus receive more light, resulting in higher
levels of Chla. The Chla concentration in this area showed a smaller fluctuation throughout the year.

In terms of model construction, according to the time period of data measurements (from 2012
to 2013), five MODIS image dates with a resolution of 500 m were adopted in the process of model
construction and evaluation, and 46 sample points were shared to build and evaluate the accuracy
of the final evaluation model. Under ideal conditions, additional MODIS data should be used to
improve the accuracy of the model because the overall study area is large and cloud cover is frequent,
which affects the amount of data that cannot be used. The point data of the water samples collected
at sea are also limited; thus, the MODIS data used in the model development are limited. However,
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considering the large study area, the water quality evaluation model based on MODIS data was
ultimately adopted.

An important objective of this study was to explore the influence of meteorological conditions
on regional water quality using a wide range of water quality assessments in the model. Therefore,
in the study of time series, more MODIS data should be used to evaluate the corresponding water
quality distribution to improve our understanding of the impact of meteorological conditions on water
quality. However, due to limited data availability, only 11 images representing different periods were
obtained. Considering the obvious differences in time and values among the 11 data, the water quality
in different time stages can be represented by these results; thus, these 11 image evaluation results
were finally adopted.

Additional meteorological and hydrological indicators should be used in the model to better
understand the mechanism underlying differences in the concentration of TSS and Chl. In this study,
only three meteorological indexes over the long time series were analyzed.

5. Conclusions

This study mainly explored the effects of meteorological conditions on changes in TSS and Chla
concentrations in the water body of the Yangtze River Estuary around Chongming Island. First,
we analyzed the changes in the meteorological conditions observed on Chongming Island and found
that there were no abnormal fluctuations in air temperature between 2000 and 2015 whereas different
degrees of fluctuation were observed for PR and WS, which fluctuated simultaneously from 2012 to
2013. Therefore, this period was used as the main study year to represent the abnormal fluctuations over
the past 15 years in the study area. Then, two acceptable models for evaluating the concentrations of
TSS and Chla in water bodies were constructed based on MODIS data, and the accuracy was evaluated
by different indexes in the area of the estuary of the Yangtze River surrounding Chongming Island.

Between 2012 and 2013, the concentrations of TSS and Chla in the water body of the study area
showed significant spatial and temporal differences. Spatially, the concentration of TSS decreased as
the distance from the shoreline increased, and the PR and WS were significantly correlated with the
change in this factor. Due to the difference in the TSS concentration and the particle size of particulate
matter in each region, the two meteorological elements have different effects in different offshore
regions. The concentration distribution of Chla in the offshore direction showed a trend of decreasing
first and then increasing, and the highest value area appeared in A4. A strong correlation was observed
between the overall distribution of the Chla concentration and WS, whereas the correlation was quite
different in the four sub-regions. In particular, a significant positive correlation was observed in the
nearshore region (A1 and A2) and a negative correlation was observed in the A3 region. Temporally,
the TSS was mainly distributed in summer and winter, with considerable variations observed in
summer and relatively stable concentrations observed in winter. The high concentration of Chla was
mainly distributed in spring and summer. The reasons for these time characteristics were discussed
based on changes of the meteorological conditions.

This research provides intuitive results for understanding the influence of meteorological
conditions on the distribution of water quality within areas located of varying distances offshore.
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