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Abstract: Understanding variations in contaminant concentrations and exploring their driving factors
are essential for pollution control and water environment improvement. The Huaihe River Basin, as an
important region in the eastern region of China, has attracted much attention to its water environment
issues in recent years. Therefore, an in-depth analysis of spatiotemporal patterns of water quality
parameters was carried out on the Huaihe River–Hongze Lake system, for the period 1998–2018, using
the Mann–Kendall test (MKT) and wavelet transforms (WTs). Significant decrease trends of ammonia
nitrogen (AN) and chemical oxygen demand (COD) concentrations were detected in the Huaihe River
(HR) before 2008 using the MKT. High concentration in the contaminant load was a result of the effect
of increased construction and decreased forest on increasing input of pollutants during this period.
The results of the WT showed how factors (e.g., streamflow and water temperature), except land use,
affect the variations in AN and COD concentrations. The comparison of spatiotemporal patterns
of AN and COD between the HR and Hongze Lake (HL) showed their differences in contaminant
transport regimes. The contaminants were rapidly transported downstream along the HR with
high streamflow during the wet season, while these in the HL were less responsive due to the long
residence time of the water body. In addition, rebounds of contaminant concentrations occurred many
times at the confluence between the HR and the HL due to strong river–lake interactions, especially
in the flood season. These results have implications for future water environment management in the
Huaihe River Basin and in similar settings worldwide.

Keywords: water quality; river–lake system; wavelet transform; spatiotemporal patterns; driving
factors

1. Introduction

Lakes play a very important role in freshwater storage systems in surface ecosystems,
which are usually connected by many rivers [1,2]. Influenced by the connections and
interactions of rivers and lakes, contaminant transport regimes are very complex and
usually unpredictable in the watershed with a river–lake system [3,4], which makes it
difficult to protect water resources from pollution.

Huaihe River Basin (HRB), located in the eastern coastal area of China, has suffered
from severe river and lake pollution in the past decades. Several serious large-scale water
pollution incidents in the Huaihe River (HR) have greatly affected the drinking water safety
of local residents in the last three decades [5]. In the HRB, contaminant dynamics (source,
transport, and transformation) involve nonlinear hydrological processes and diverse human
activities, which act on different spatiotemporal scales [6,7]. Effective water environment
management requires long-term predictions of water quality parameters and, therefore,
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a comprehensive understanding of the spatiotemporal dependency of the contaminant
transport process in the HRB.

One of the fundamental questions involved in solving the water environment pollution
in the HRB is which factor(s) drive contaminant transport at specific temporal scales. As
many studies have demonstrated, water quality constituent concentrations vary at different
temporal scales, including event, daily, seasonal and interannual scales [8–11]. At the scale
of a water pollution event, many studies have analyzed the correlation between streamflow
and water quality parameters through physical-process simulations, and hydrologic and
water quality results can be recorded in detail [12,13]. Diamantini et al. [14] found that
dissolved oxygen can be seasonally influenced by streamflow and water temperatures,
demonstrating that dissolved oxygen and temperature have a long-term significant correla-
tions, highlighting the impact of changes in the streamflow regime on a particular water
quality parameter. These studies provide a snapshot of contaminant distribution patterns
and their influencing factors at specific timescales. However, the analysis of contaminant
transport is strongly affected by the timescale. For example, the influence of streamflow
trends on water quality may be neglected if only the annual mean was taken as the statisti-
cal data [14,15]. Evidently, it is essential to analyze the relative impact of different factors
on water quality parameters at specific temporal scales.

In general, there are two typical categories of model generally adopted in water
quality analysis, i.e., physical-process-based models and data-driven statistical models [13].
Physical-process-based models can capture details of contaminant transport and investigate
the impact of altered boundary conditions on water quality [12]. However, some problems
limit the application of such models, including complex modeling processes, calibration
of data scarcity, and demand of computer resources, especially for long and dense water
quality series [16]. Data-driven statistical models can provide an effective solution to this
condition, and are relatively simple and easy to implement [17–19]. Hence, there are many
researchers using statistical methods based on datasets to analyze water quality series.

In recent years, applications of wavelet transforms (WTs), one of the statistical methods,
have attracted great attention in revealing the internal structure and temporal variations in
hydrological systems [20–23]. With respect to water quality analysis, only a few applications
of WT are described in the literature due to the lack of high-frequency measurements. For
example, Jiang et al. [24] analyzed periodic variation in water quality in the Lixiahe River,
located in the coastal plain of eastern China (2003–2017), and found that the water quality
index had multiscale periodic fluctuations of 0.25–5 years. In their study, water quality and
water level have a significant positive correlation in the wet season, when rainfall runoff
carries a large quantity of non-point-source pollutants. Yan et al. [25] used Morlet wavelet
time–frequency correlation analysis in turbidity and water quality parameters of the Haihe
River Basin in Hebei Province, China, in 2020. They found that although there was a highly
significant correlation between turbidity and dissolved oxygen concentrations, human
activities exerted a stronger influences over short timescales and caused local changes in
water quality series. Therefore, WT has the potential to describe patterns of contaminant
concentrations driven by various factors at multiple timescales.

The present study was undertaken to investigate the spatiotemporal patterns of water
quality in the Huaihe River–Hongze Lake system with Mann–Kendall test and wavelet
transforms. Ammonia nitrogen (AN) and chemical oxygen demand (COD) were chosen in
the present study as research objects, which are the severe pollutants in the HRB system.
Over the past twenty years, multiple severe incidents of AN out of standard have threatened
local water security [8,26,27]. In addition, streamflow and water temperature time series
of many stations and land-use change in the HRB were analyzed. The aims of this paper
are to: (a) detect and quantify the trends in AN and COD in the HRB with a complex
river–lake system; (b) use materials from 1998 to 2018 to identify the spatiotemporal
patterns of AN and COD concentrations at multiple timescales; (c) analyze how streamflow,
water temperature and land-use change affect the patterns; and (d) analyze particular
patterns of water quality caused by river–lake interaction. The present research intends
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to understand variations in contaminant transport and their controlling factors, as well as
improve understanding for predicting the water environment in the HRB.

2. Material and Methods
2.1. Study Region

The HRB has a vast inland plain, which provides a foundation for the development of
agriculture and urbanization. This basin is rich in resources, especially coal resources, which
promote the development of modern industry. In addition, the HRB is also a transportation
hub with three major north-south railway arteries passing through this basin.

The Huaihe River is the third largest river in China, originating from the Tongbai
Mountain in Henan Province and flowing through four provinces, from west to east, before
reaching the outlet at the Hongze Lake [28]. As shown in Figure 1, the Hongze Lake
(HL) is located on the HR, which is the main water source for 20,000 square kilometers
of cultivated land and 20 million people downstream. The HR-HL system supports the
economic development of the eastern coastal areas of China, and its ecological environment
protection has attracted increasing attention. This study focused on the 300 km long sub-
reach in the Middle Reaches of the Huaihe River (MRHR), the Hongze Lake, and four
main tributaries. The HL flows into the Yangtze River through T1, and into the Yellow Sea
through T2. As for the flowing direction of T3 and T4, it is uncertain and controlled by the
water level of the HL.
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Figure 1. Schematic view of the study area.

There are fourteen water quality monitoring stations in this study region. S1 to S6
are located in the mainstream of the HR; S7 to S14 are located around the HL; S6 is in
the reach of the HR into the HL; and S8, S10, S12, and S14 are the confluences of the HL
and tributaries.

2.2. Data

High-frequency and equidistant monitoring data is a prerequisite for the application of
WT, the parameters of water quality and temperature were measured weekly or monthly at
each station, and flow was measured daily for S1 to S6. The water quality and temperature
datasets used in the study were provided by the Huaihe River Water Resources Protection
Bulletin and the Huaihe River Water Environment Monitoring Center, which were mea-
sured using the national standard water quality detection method. The streamflow dataset
was obtained from the Hydrological Bureau of Huaihe River Commission of the Ministry
of Water Resources, P. R. C. The time period of the available AN and COD concentration
datasets is from 1998 to 2018 for S1 to S4, from 2003 to 2018 for S5 and S6, and from 2004
to 2018 for the other stations (Table 1). As the temperature and streamflow datasets are
sufficiently long to match with the water quality data, time series with multiple time steps



Water 2023, 15, 2157 4 of 17

can be averaged to analyze the water quality datasets. Because long-term, equidistant time
series is a prerequisite for the use of WT analysis [20,29], time series of AN and COD with
a week time step were developed at each station. Linear interpolation was utilized for the
datasets between 2004 and 2008 at S11 to S14 because they were monthly measured.

Table 1. Fourteen monitoring stations in the HR and the HL.

Station ID Station Name Location Monitoring Period

S1 Lu Taizi HR January 1998–December 2018
S2 Beng Bu HR January 1998–December 2018
S3 Wu Jiadu HR January 1998–December 2018
S4 Lin Huaiguan HR January 1998–December 2018
S5 Xiao Liuxiang HR January 2003–December 2018
S6 Lao Zishan HR January 2003–December 2018
S7 Lin Huai HL January 2004–December 2018
S8 Jiang Ba HL January 2004–December 2018
S9 Gao Liangjian HL January 2004–December 2018

S10 Er Hezha HL January 2004–December 2018
S11 Cheng Zihu HL January 2004–December 2018
S12 Xu Hong HL January 2004–December 2018
S13 Cheng He HL January 2004–December 2018
S14 Li Hewa HL January 2004–December 2018

Notes: Streamflow datasets are monitored at each station along the HR, while water temperature, AN, and COD
datasets are monitored at all stations.

2.3. Methods

The following methods were used to analyze the time series of water quality, flow
and temperature of the river–lake system: (a) the Mann–Kendall mutation test to detect
long-term changes in water quality and streamflow trends over long time scale, (b) the con-
tinuous wavelet transform to characterize temporal patterns and to estimate periodicities
of the datasets and (c) the wavelet transform coherence analysis to quantify the potential
impact of streamflow and temperature on AN and COD concentration.

Mann–Kendall test (MKT [30,31]) is a nonparametric statistical test, which is suitable
for testing the trend of non-normal distribution series, and is widely used to detect long-
term trends in hydrological and climatic data [30,31]. In this study, the statistic (S) of time
series Xt with a sample size of n is calculated as:

S =
n−1

∑
j=1

n

∑
i=j+1

sgn(xi − xj) (1)

where xi and xj are the sequential values (datasets are assumed to be normally distributed
with zero mean), and the MKT statistic (Z) is given as:

Z =


S−1√
var(S)

S > 0

0 S = 0
S+1√
var(S)

S < 0
(2)

where var(S) is the variance of S at a given significance level α. In this test, the original
hypothesis would be rejected if |Z| > Z1−α/2 (Z(1 − α/2) is the standard value of a normal
distribution with probability of α/2); thus, there is a significant upward or downward
trend for the series Xt. The maximum α value used in this study is 10% for Z > 1.645,
which means 90% confidence level. In this case, the change rate in trends is expressed as
Sen’s slope β, which is an efficient estimator of linear trends because it is less sensitive to
measurement error [32]. The β can be described as follows:

β = median(
xi−xj

i−j

)
1 < i < j < n (3)
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The continuous wavelet transform (CWT [33,34]) is a common method applied to
analyze localized intermittent oscillations in a time series. The CWT often connects two
time series together to examine whether regions in time-frequency space with large com-
mon power have a consistent phase relationship and, therefore, are suggestive of causality
between the time series [22,25,29]. We used Morelet wavelet among many available mother
wavelets, which has been proven effective in analyzing hydrological and climatic sig-
nals [20]. The statistical significance level of the wavelet power spectrum can be evaluated
relative to the null hypotheses that the signal is generated through a stationary process
with a given background power spectrum. As many geophysical time series have red noise
characteristics that can be modeled very well by a univariate lag-1 autoregressive process,
red noise was chosen to analyze the significance level of the wavelet power spectrum [34].
In this study, a confidence level of 95% was used to detect the significant temporal oscil-
lations in the wavelet power spectrum, and a cone of influence (COI) was introduced to
represent areas where the spectral amplitude decreases due to signal discontinuity at the
edges. Datasets were standardized to eliminate the impact of dimensions before applying
the CWT.

Based on the WT, the wavelet transform coherence (WTC) was established to directly
measure the correlation between the wavelet power spectra of two nonstationary sequences
in time–frequency space [35]. WTC has been widely applied to expose regions with high
common power and further reveal information about the phase relationship between
two time series in hydro-climate data. The range of WTC values is from 0 to 1, where 0
represents no correlation and 1 represents complete linear correlation [34]. In this study,
the WTC was used to investigate the correlation between AN and COD concentration and
streamflow and temperature, respectively. In addition, the software used for WT and WTC
in this study comes from a MatLab software package in Matlab R2022b, which can be found
at https://noc.ac.uk/business/marine-data-products/cross-wavelet-wavelet-coherence-
toolbox-matlab (accessed on 13 June 2022).

3. Results

This section presents significant trends of AN and COD in the HR and the HL and
streamflow in the HR at multiple timescales, as well as spatiotemporal patterns and period-
icities of flow, AN and COD concentrations.

3.1. Long-Term Trends of Streamflow and Water Quality

Among the six monitoring stations in the HR, the maximum annual average stream-
flow occurred at Station 5 from 1998 to 2018 (Table 2), which was 886 ± 1127 m3 s−1,
and the maximum recorded peak flow was 8746 m3 s−1. In the statistics of all sta-
tions, the mean annual AN concentration varied between 0.45 ± 0.47 mg L−1 (Station 6)
and 1.09 ± 1.24 mg L−1 (Station 3), among which the lowest value occurred at the con-
fluence of the HR and the HL. The mean annual COD concentration varied between
3.78 ± 0.51 mg L−1 (Station 6) and 4.61 ± 1.55 mg L−1 (Station 3), and spatial distribution
of COD concentration along the HR was consistent with that of AN. In general, the mean
concentrations of both AN and COD concentration showed decreased trends along the
main channel of the HR, but it increased at S6.

MKT results suggest that annual flows displayed significant increasing trends with
95% confidence level for S1 to S4 (p values are all less than 0.01), while S5 and S6 had no
significant trends with 90% confidence level. The AN and COD concentrations of most
monitoring stations showed significant downward trends with 95% confidence level, only
the COD concentration at S6 had a slight increase of 0.004 mg L−1 y−1. According to the
statistics, the mean concentrations of AN and COD decreased by as much as 41% and 14%
at the outlet of the HR, respectively.

https://noc.ac.uk/business/marine-data-products/cross-wavelet-wavelet-coherence-toolbox-matlab
https://noc.ac.uk/business/marine-data-products/cross-wavelet-wavelet-coherence-toolbox-matlab
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Table 2. Results of the Mann–Kendall test in the HR for 1998–2018.

Ammonia Nitrogen Chemical Oxygen Demand

Mann–Kendall Test Mann–Kendall Test

Station ID
Mean

Annual Flow
(m3 s−1)

Mean
(mg L−1) Z Stat Sen’s Slope

(mg L−1 year−1)
Mean

(mg L−1) Z Stat Sen’s Slope
(mg L−1 year−1)

1 554 ± 612 0.76 ± 1.48 −4.37 * −0.043 4.37 ± 1.35 −3.54 * −0.097
2 817 ± 916 0.89 ± 1.76 −4.39 * −0.064 4.04 ± 0.99 −4.25 * −0.083
3 778 ± 930 1.09 ± 1.24 −5.35 * −0.077 4.61 ± 1.55 −3.79 * −0.127
4 775 ± 933 0.92 ± 1.06 −5.41 * −0.069 4.18 ± 0.98 −3.21 * −0.074
5 886 ± 1127 0.84 ± 0.97 −4.27 * −0.101 4.20 ± 1.17 −2.29 * −0.106
6 805 ± 1019 0.45 ± 0.47 −4.36 * −0.049 3.78 ± 0.51 1.68 ** 0.004

Notes: The results at 95% confidence level are marked with *, and the results at 90% confidence level are marked
with **.

As for S7 to S14 in the HL, the mean concentration of AN varied between 0.25± 0.20 mg L−1

(Station 9) and 0.58 ± 1.69 mg L−1 (Station 12) from 2004 to 2018, and COD varied be-
tween 2.51 ± 0.68 mg L−1 (Station 11) and 4.62 ± 0.88 mg L−1 (Station 8), and the water
quality was better than stations at the HR (Table 3). MKT results showed that the mean
concentration of AN displayed significant downward trends at all stations (p values are all
less than 0.01) except S12 and S13, and COD concentration showed significant downward
trends with 95% confidence level at S7, S11 and S13 (p values are 0.04, 0.002, and <0.01,
respectively), while significant upward trends appeared at S8 (p < 0.01), and there were no
significant trends in other stations.

Table 3. Results of the Mann–Kendall test in the HL for 2004–2018.

Ammonia Nitrogen Chemical Oxygen Demand

Mann–Kendall Test Mann–Kendall Test

Station ID Mean
(mg L−1) Z Stat Sen’s Slope

(mg L−1 y−1)
Mean

(mg L−1) Z Stat Sen’s Slope
(×10−3 y−1)

7 0.26 ± 0.22 −2.37 * −0.014 3.71 ± 0.62 −1.97 * −0.104
8 0.29 ± 0.15 −3.06 * −0.016 4.62 ± 0.88 1.78 ** 0.024
9 0.25 ± 0.20 −3.76 * −0.021 3.79 ± 0.53 1.23 0.003

10 0.34 ± 0.37 −3.07 * −0.024 3.86 ± 1.69 −0.98 −0.001
11 0.26 ± 0.18 −1.78 ** −0.008 2.51 ± 0.68 −2.17 * −0.056
12 0.58 ± 1.69 −0.69 −0.011 3.89 ± 0.84 0.01 0.001
13 0.27 ± 0.12 −1.48 −0.005 4.32 ± 1.31 −2.78 * −0.101
14 0.26 ± 0.21 −2.67 * −0.019 3.41 ± 0.58 0.21 0.003

Notes: The results at 95% confidence level are marked with *, and the results at 90% confidence level are marked
with **.

3.2. Variability in Streamflow and Annual Water Quality

Figure 2 shows variations in streamflow at S1 station from 1998 to 2018, which can
represent the long-term characteristics of the MRHR during this period. Overall, there are
differences in annual changes in flow, with typical high-flow years being 1998, 2005, and
2007, and typical low flow years being 2004 and 2014. The upward trends of streamflow
over several years can be detected in 2000–2005 and 2015–2018, and downward trends
occurred in 2007–2010 and 2011–2014.
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Figure 3 shows the annual trends of AN concentration for S1 and S6 in the HR and
S12 in the HL, where S6 is the confluence between the HR and the HL. The downward
trends were extremely significant at S1 and S6 (p values are close to 0) in particular before
2008, and the trends were relatively stable from 2008 to 2018. Despite downward trends
also occurring in the HL (Table 3), the annual decrease rate was much lower than stations
of the HR. In addition, the AN concentration of most stations (S7 to S14) in the HL had
two local peaks between 2004 and 2008. For example, the recorded values in 2012 and 2018
were 0.84 mg L−1 and 0.83 mg L−1 at S12, respectively, nearly triple that of other years.
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in the HL. The variable β is Sen’s slope, represented by formula (3).

The variability in annual COD concentration at S1 and S6 was similar to the results
of AN, with a demarcation point in 2008 (Figure 3). Nevertheless, the mean annual
concentration of COD at S6 rebounded after 2008, which was different to other stations.
From 2004 to 2018, the observed COD concentration fluctuated to some extent at S12, which
had some abrupt extreme points in this period [8,36].

3.3. Temporal Patterns and Periodicities

As indicated in Figure 4, the CWT spectra of streamflow present processes of high
magnitude at semiannual and annual timescales in the 2003–2008 and 2015–2018 intervals
for all stations. In the ≤0.25-year band, dispersed significant oscillations were detected at
S1 to S4, such as the seasonal variations were visible in 2001, 2003–2004, 2010–2013, and
2015–2019 at S1. The wavelet spectrum decreased significantly at S1, S2, S5, and S6 from
2008 to 2015, because this period was the relatively low flow period in the hydrological
year of the HR.
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2003 to 2019 for S5 and S6. The thick black contour encloses regions of greater than 95% confidence
for a red noise process. Pale-color areas represent the zone of influence where the edge effects might
distort the results.

The CWTs of AN concentration at S1 to S6 (Figure 5) highlight periods of intense AN
transport activity at multiple timescales throughout the entire period. Continuous strong
oscillations at annual timescales appeared before 2008 at all stations, whereas superimposed
oscillations of 0.1–2 years were relatively widespread before 2001 at S1 to S4. Since 2008,
the strong oscillation at annual timescales extended up to several years from S3 to S6,
especially S4, almost throughout the entire record. The CWTs of the AN concentration at
these stations show different patterns of AN transport over the study period the region
of high, powerful spectra indicates high magnitude, intense AN transport. Before 2008,
the water environment management of the HR had not been improved; thus, the high
concentration of AN was often monitored at all stations in the period of 0.1–2 years. In
contrast, following water environmental protection policies conducted after 2008, less
powerful processes dominated the AN concentration spectra. In addition, there were some
discrete AN transport events from S4 to S6 at the time scale of 0.25–0.5 years.
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The wavelet spectra of COD concentration at S1 to S6 (Figure 6) represents periods
of COD transport, showing different patterns at multiple time scales. Continuous strong
oscillations at the time scale of 0.25–2 years appeared before 2008 at all stations, several
pollution events with excessive COD were monitored during this period. In the following
period, obvious COD transport in the HR occurred coincidently at specific frequencies and
periods. For example, these processes at S3 occurred in 2011, 2014–2016, and 2018. The
COD concentration at S6 showed a high-intensity activity almost throughout the whole
record, which also led to an upward trend of the annual concentration of COD (Table 2).
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from 2003 to 2019 for S5 and S6.

There were two main contaminant patterns in the HL during the recorded period
(Figure 7). At S12 and S14 at the confluence of the HL and tributaries, both AN and
COD had high-concentration transport activities at specific times, which was due to the
sudden water pollution accidents caused by the HL receiving high-concentration pollutants
while receiving water from other tributaries. Therefore, these stations are important
nodes for controlling water quality in the HL and should be paid full attention in water
quality monitoring. The water quality of other stations in the HL was mainly affected by
anthropogenic interventions and water temperature, so their spectra showed contaminant
activities at different timescales. We focused our discussion on this pattern of the HL in
Section 4 (See Sections 4.2 and 4.3).
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4. Discussion
4.1. The Impacts of Streamflow on Contaminant Transport Regimes

Decreasing trends characterize the annual concentrations of AN and COD of the HR
between 1998 and 2018, most of which occurred before 2008. Two of the most important
factors influencing the temporal variations in contaminants at the stations are likely to be
(a) the emission patterns and routes of river–lake system (anthropic factors), and (b) hy-
drological events, primarily streamflow events controlling local mutation (natural factors).
Over the 20-year period, the main reach of the HR experienced three large floods with
peak discharge exceeding 3000 m3/s in 1998, 2005 and 2007, the maximum peak discharge
>7500 m3/s in 2007 (~20-years flood) since 1954. Contaminant transport becomes slow
and accumulates when the streamflow is low in the dry season [14,37]. Then, the first
several floods in the wet season will lead to the rapid acceleration of contaminant transport,
and the contaminant concentration is more likely to undergo dilution [37]. For example,
the monitored AN and COD concentrations at S1 on 7 July 2007 were 0.6 mg L−1 and
7.9 mg L−1, respectively, and then decreased to 0.2 mg L−1 and 4.1 mg L−1, respectively, as
peak flow increased 2.5 times in three days. Although the temporal patterns of streamflow
and contaminant concentration are different, the strong correlation between peak flows and
AN concentration can be revealed using wavelet analysis. As seen in Figure 5, low-power
oscillations in the 0.5–2 years band of the AN concentration spectra coincided with the
relatively dry periods.

There was a lag for the impacts of the rapid increase in peak flow on the concentra-
tions of pollutants. The residual pollutants on the surface will enter the channel under a
rainstorm, resulting in the accumulation of a large number of pollutants in the river, and
then the peak flow leads to the rapid transport and dilution of pollutants. For example, a
small flood with a peak flow of 307 m3/s occurred at S1 on 24 February 1999, leading to the
concentrations of AN and COD suddenly rebounding, and then a rapid decline. A similar
event occurred at S2 in this period (Figure 8).
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The WTC spectra (Figure 9) showed the correlation and noncorrelation characterized
the relationship between streamflow and COD concentration at <1-year timescales. The
correlation between streamflow and COD concentration was weak over most of the study
period, but a significant oscillation at annual time scale took place at S1 around 2011, and
the impact of streamflow on AN and COD was transmissible along the HR, which means
the high-power oscillations can be found in the same period in S2 to S5. There were also
some continuous bands at short time scales (<0.5 years) at all stations, which represent
the transport pattern of high-concentration COD in dry seasons, and a large number of
non-point-source pollutants entering the river under the effect of rainfall [38].

Water 2023, 15, x FOR PEER REVIEW 11 of 17 
 

 

low-power oscillations in the 0.5–2 years band of the AN concentration spectra coincided 
with the relatively dry periods. 

There was a lag for the impacts of the rapid increase in peak flow on the concentra-
tions of pollutants. The residual pollutants on the surface will enter the channel under a 
rainstorm, resulting in the accumulation of a large number of pollutants in the river, and 
then the peak flow leads to the rapid transport and dilution of pollutants. For example, a 
small flood with a peak flow of 307 m3/s occurred at S1 on 24 February 1999, leading to 
the concentrations of AN and COD suddenly rebounding, and then a rapid decline. A 
similar event occurred at S2 in this period (Figure 8). 

 
Figure 8. The time series of flow, AN and COD concentrations at S1 and S2 in 1999. 

The WTC spectra (Figure 9) showed the correlation and noncorrelation characterized 
the relationship between streamflow and COD concentration at <1-year timescales. The 
correlation between streamflow and COD concentration was weak over most of the study 
period, but a significant oscillation at annual time scale took place at S1 around 2011, and 
the impact of streamflow on AN and COD was transmissible along the HR, which means 
the high-power oscillations can be found in the same period in S2 to S5. There were also 
some continuous bands at short time scales (<0.5 years) at all stations, which represent the 
transport pattern of high-concentration COD in dry seasons, and a large number of non-
point-source pollutants entering the river under the effect of rainfall [38]. 

 
Figure 9. WTC between streamflow and COD concentration in the HR, dataset is from 1998 to 2019
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(ranging from 0 to 1) between streamflow and AN concentration. The relative phase relationship is
shown as arrows (with in-phase pointing right, anti-phase pointing left, and streamflow leading AN
by 90◦ pointing straight down).
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4.2. The Impacts of Water Temperature on Water Quality Variability

Water temperature is an important factor to consider when assessing water quality, as
it mainly affects contaminant transport rates at low current speeds. The water temperature
of the HR mainstream and the HL in the study area shows periodic changes on annual scales
during recorded period, and the range of water temperature was 0.11–33.26 ◦C. The WTC
spectra (Figure 10) showed the correlation between temperature and AN concentration
at S1 and S6 of the HR and S7 and S8 in the HL. Obviously, the stations in the HR had
significant oscillations at the annual scale and almost throughout the entire recorded period,
and the period alternated between cold and warm. The coherence is the result of active AN
production processes during annual summer months [39,40].
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The HL has a catchment area of 1597 km2 with an average depth of 1.9 m. The lake
water only flows slowly when the water is replenished; thus, temperature predominantly
influences the water quality of the HL. As a consequence, high-power oscillations appeared
in the 0.05–0.25 years bands at S7 and S8, which also confirms the strong response of lake
water quality to temperature [41].

In addition, we analyzed the relationship between water temperature and water
quality at stations with weak flow in the HL, where water quality was significantly affected
by temperature [42]. As the temperature increases, the absorption of nitrogen and oxygen
by aquatic organisms is enhanced, and the concentrations of AN and COD decrease. When
the temperature exceeds a threshold, the absorption of aquatic organisms will be inhibited.
Hence, we found that there were thresholds for the impact of temperature on AN and
COD concentrations via quadratic polynomial fitting. The datasets of S7, S9, S11, and S13
were adopted to establish the relationship between water temperature and contaminant
concentration during the high-temperature period from June to September, with significant
AN and COD activities. As shown in Figure 11, the water temperature thresholds for AN
and COD were measured as 18.83 ◦C and 18.34 ◦C, respectively. In the range of 16–21 ◦C,
when water temperature exceeded or fell below the threshold, it had an inhibitory effect on
the water quality parameters.
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4.3. The Impacts of Land Use on Water Quality Variability

Water quality is influenced by a combination of natural and anthropogenic factors,
the relative influences of which may change over the range of investigated spatiotemporal
scales. Land-use changes are often mentioned in research on water environment and
ecology, as it directly affects hydrological and water quality changes. In order to assess
the impact of land-use change on the water quality distribution patterns, we examined
land-use change in the HRB from 1995 to 2015 [43]. In general, as shown in Table 4, the
transformation of land-use type can be divided into two stages. Between 1995 and 2000,
the development of urbanization of the HRB had just begun, and the rapid growth of
population led to a sharp increase in construction, which also brought enormous pressure
to the ecosystem. When the grade of urbanization is at a low level, the impacts of land use
change on water quality are more significant [44]. During this period, a large amount of
forest land was converted into construction land, and the transfer rate was forest land >
construction land > water body (Table 4). The functions of forest to degrade pollutants
and conserve water resources were greatly weakened due to human activities, resulting in
deterioration of water quality, which also explains that the concentrations of AN and COD
were high for a long time before 2000 (Figures 3 and 4).

Table 4. The area of land-use changes in the HRB for 1995–2015.

Land-Use Type 1995–2000 2000–2005 2005–2010 2010–2015

Construction 1069 1598 1565 1652
Cultivated −71 −1724 −1687 −1706

Water 497 424 42 19
Pasture −29 −107 −19 −21
Forest −1465 −110 51 14

Notes: The total area of unused land is small and of little significance, so it is not included. Area is measured in
square kilometers (km2).

From 2000 to 2015, the acceleration of urbanization has led to the continuous growth
in construction land [8], and the reduction in cultivated land. The transformation of
cultivated land types has a direct impact on water quality, and many studies have shown a
strong correlation between agricultural activities and water quality parameters, especially
AN [44,45]. With the production of agriculture, the use of a large amount of fertilizer
increases the concentration of ammonia nitrogen in the soil, which enters river–lake systems
under the rainfall. Although the trend of cultivated land transfer to construction land was
significant, the impact of this transfer on water quality is not obvious. The phenomenon
is similar to current research [43], when cultivated land changes to construction land,
and the reduction in agricultural non-point-source pollution can often be offset by urban
pollutant discharge. This also explains why the annual variation trends of AN and COD
concentrations had remained stable since 2008.

Understanding the relations between land-use changes and water quality response
within a watershed is essential to assure sustainable development. The whole watershed
land use and their related impacts on water environment cannot be ignored in the HRB’s
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development strategy. At present, water quality protection is a key water resource man-
agement strategy in the HRB, and construction land around the HR-HL system will be
carefully evaluated. In short, under artificial governance and policy adjustments, the water
quality in this study region will maintain relatively stable and show an improvement trend
in the future.

4.4. Particularity of Water Quality Patterns in a River–Lake System

The AN and COD patterns of river and lake show spatiotemporal heterogeneity in the
river–lake system consisted of the HR and the HL. Their distribution characteristics were
affected by factors such as hydrodynamic process, water temperature and anthropogenic
interference [4,46]. However, the contaminant transport along the HR was greatly affected
by the rainfall and streamflow processes during a rainstorm event. Pollutant concentration
recorded at the monitoring stations showed significant oscillations with multiple processes
including input by surface pollution source, and dilution due to a large streamflow. The
long residence time of the water body in most areas of the HL due to control of the
sluices [28], means that the water quality is relatively stable when it is not affected by
sudden pollution events caused by human activities. At the same time, this suitable mixing
condition of water is conducive to reducing the spatial heterogeneity of AN and COD in
the HL.

The confluence of the HL inlet and the HL acts as critical nodes in the river–lake
system as it affects flow, water quality, and ecological patterns. Interactions between the
HR and HL are undergoing rapid changes due to intensive human activities and ongoing
hydrological change [28]. As the largest tributary of the HL, the HR carries a large number
of pollutants while supplying water and causes an abrupt change in the spatiotemporal
distribution of pollutants at the confluence [8,27]. In the reach of the HR into the HL,
hydrodynamic force becomes weak due to water mixing. Negative values of discharge
were obtained from July 9th to August 19th in 2017 indicating that the flow direction in
the HR reverses and the HL water flows toward the HR. In this condition, the pollutants
accumulated at the confluence, resulting in a pollutant concentration recorded at S6 being
higher than other stations along the HR (Figure 3), and the effect of backwater will be more
significant with the increase in the HL water level.

Under the dual influence of hydrological events and the impoundment of the HL,
the increased river–lake interaction and its potential impacts on the river–lake ecosystem
raises great concern for the local management authorities. The spatial distributions and
mixing patterns of AN and COD had approximately the same features at the confluences
between the HL and tributaries, which are mainly manifested as accumulation zones of
high-concentration pollution located in the downstream channel of the tributaries. For
example, the CWTs of AN time series showed significant oscillations in 2013 at S12, which
was related to a major pollution accident in the Xuhong River in November 2012, leading
to high-concentration of pollutants into the HL (Figure 7). Hence, future research should
focus on the complex interactions between the HR and the HL to better understand the
transport of pollutants and solutes at the confluence zone of this river–lake system. In
the context of watershed water quality management, it also requires accurate prediction
of contaminant transport regimes to understand the spatiotemporal distribution of water
quality parameters and take reasonable control measures in the river–lake system.

5. Conclusions

The spatiotemporal patterns of AN and COD in a river–lake system are the result of
interactions among different drivers at multiple scales. In order to obtain the evolution
trend and periodicity of water quality series, the Mann–Kendall test and wavelet analysis
were applied in this study. We analyzed the spatiotemporal patterns of AN and COD
concentrations in the HR and the HL, and applied wavelet coherence to evaluate the
impacts of streamflow, water temperature and land use on them. The analysis revealed AN
and COD transport regime in the river–lake system from 1998 to 2018, which reflected the
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influence of strong interactions between the HR and the HL on AN and COD patterns at
the confluences. The important findings are illustrated as follows:

(1) A significant decrease in the AN and COD concentrations occurred before 2008
in the HR, and the annual trend was relatively stable from 2008 to 2018. In contrast,
there were multiple peaks of AN and COD concentrations between 2004 and 2018 in the
HL while the overall trend was downward. Our analysis showed the transport of high-
concentration contaminants was driven by the decreased forest and increased construction
within the catchment.

(2) Wavelet spectral power patterns that demonstrated that streamflow mainly affected
the transport process of pollutants in the wet season, and the correlation between peak
flows and AN concentration can be revealed using wavelet analysis. In addition, the peak
flow generally lagged behind the peak of pollutant concentration.

(3) Water temperature influenced the water quality of river–lake in the long term, and
the concentrations of pollutants in the HL were more sensitive to temperature than that in
the HL. According to statistics of AN and COD from June to September at S7, S9, S11 and
S13, the thresholds for water temperature and water quality in the HL were obtained via
polynomial fitting. In summary, the water temperature thresholds for AN and COD were
18.83 ◦C and 18.34 ◦C, respectively.

(4) Anomalous AN and COD concentrations (high values and rebounds) were found
at the confluence between the HR and the HL due to strong river–lake interactions. The
confluences of the HR-HL system act as critical nodes because the water quality at these
locations is influenced by tributary flow and the water level of the HL. Our study can
improve the understanding of the interactions between this river–lake system and will help
develop integrated watershed water environment management strategies for the future.

These findings shed light on the distribution patterns and correlation of AN and COD
in the river–lake system in the HRB. In particular, the accumulation of pollutants at the
confluence during the flood season needs more attention and control measures. Although
the study is based on the HRB, the approach is applicable to evaluate the impact of water
quality driving mechanism in other basins.

Author Contributions: Methodology, J.H. and J.X.; Software, P.X.; Validation, H.C.; Data curation,
H.C.; Writing—original draft, J.H.; Writing—review & editing, J.X. and L.W.; Visualization, P.X.;
Project administration, L.W.; Funding acquisition, L.W. All authors have read and agreed to the
published version of the manuscript.

Funding: This research was funded by the National Key R&D Program of China (2022YFC3202605),
the Fundamental Research Funds for the Central Universities (B200204044), and the Research funding
of China Three Gorges Corporation (202003251).

Data Availability Statement: The data presented in this study are available on request from the
corresponding authors. The data are not publicly available due to the continuation of a follow-up
study by the authors.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Wang, G.; Li, J.; Sun, W.; Xue, B.; Yinglan, A.; Liu, T. Non-Point Source Pollution Risks in a Drinking Water Protection Zone Based

on Remote Sensing Data Embedded within a Nutrient Budget Model. Water Res. 2019, 157, 238–246. [CrossRef] [PubMed]
2. Han, Q.; Tong, R.; Sun, W.; Zhao, Y.; Yu, J.; Wang, G.; Shrestha, S.; Jin, Y. Anthropogenic Influences on the Water Quality of the

Baiyangdian Lake in North China over the Last Decade. Sci. Total Environ. 2020, 701, 134929. [CrossRef] [PubMed]
3. Yuan, S.; Tang, H.; Li, K.; Xu, L.; Xiao, Y.; Gualtieri, C.; Rennie, C.; Melville, B. Hydrodynamics, Sediment Transport and Morpho-

logical Features at the Confluence between the Yangtze River and the Poyang Lake. Water Resour. Res. 2021, 57, e2020WR028284.
[CrossRef]

4. Yuan, S.; Xu, L.; Tang, H.; Xiao, Y.; Gualtieri, C. The Dynamics of River Confluences and Their Effects on the Ecology of Aquatic
Environment: A Review. J. Hydrodyn. 2022, 34, 1–14. [CrossRef]

5. Zhao, C.; Liu, C.; Xia, J.; Zhang, Y.; Yu, Q.; Eamus, D. Recognition of Key Regions for Restoration of Phytoplankton Communities
in the Huai River Basin, China. J. Hydrol. 2012, 420–421, 292–300. [CrossRef]

https://doi.org/10.1016/j.watres.2019.03.070
https://www.ncbi.nlm.nih.gov/pubmed/30954699
https://doi.org/10.1016/j.scitotenv.2019.134929
https://www.ncbi.nlm.nih.gov/pubmed/31704407
https://doi.org/10.1029/2020WR028284
https://doi.org/10.1007/s42241-022-0001-z
https://doi.org/10.1016/j.jhydrol.2011.12.016


Water 2023, 15, 2157 16 of 17

6. Yang, X.; Liu, Q.; Fu, G.; He, Y.; Luo, X.; Zheng, Z. Spatiotemporal Patterns and Source Attribution of Nitrogen Load in a River
Basin with Complex Pollution Sources. Water Res. 2016, 94, 187–199. [CrossRef] [PubMed]

7. Zhai, X.; Xia, J.; Zhang, Y. Integrated Approach of Hydrological and Water Quality Dynamic Simulation for Anthropogenic
Disturbance Assessment in the Huai River Basin, China. Sci. Total Environ. 2017, 598, 749–764. [CrossRef] [PubMed]

8. Xu, J.; Jin, G.; Tang, H.; Zhang, P.; Wang, S.; Wang, Y.-G.; Li, L. Assessing Temporal Variations of Ammonia Nitrogen Concen-
trations and Loads in the Huaihe River Basin in Relation to Policies on Pollution Source Control. Sci. Total Environ. 2018, 642,
1386–1395. [CrossRef]

9. Ouyang, Y.; Nkedi-Kizza, P.; Wu, Q.; Shinde, D.; Huang, C. Assessment of Seasonal Variations in Surface Water Quality. Water
Res. 2006, 40, 3800–3810. [CrossRef]

10. Walker, D.; Jakovljevic, D.; Savic, D.; Radovanovic, M. Multi-Criterion Water Quality Analysis of the Danube River in Serbia: A
Visualisation Approach. Water Res. 2015, 79, 158–172. [CrossRef]

11. Lutz, S.R.; Mallucci, S.; Diamantini, E.; Majone, B.; Bellin, A.; Merz, R. Hydroclimatic and Water Quality Trends across Three
Mediterranean River Basins. Sci. Total Environ. 2016, 571, 1392–1406. [CrossRef] [PubMed]

12. Ferreira, D.; Fernandes, C.; Kaviski, E.; Fontane, D. Transformation Rates of Pollutants in Rivers for Water Quality Modelling
under Unsteady State: A Calibration Method. J. Hydrol. 2020, 585, 124769. [CrossRef]

13. Yang, C.; Daigger, G.; Belia, E.; Kerkez, B. Extracting Useful Signals from Flawed Sensor Data: Developing Hybrid Data-Driven
Approaches with Physical Factors. Water Res. 2020, 185, 116282. [CrossRef] [PubMed]

14. Diamantini, E.; Lutz, S.R.; Mallucci, S.; Majone, B.; Merz, R.; Bellin, A. Driver Detection of Water Quality Trends in Three Large
European River Basins. Sci. Total Environ. 2018, 612, 49–62. [CrossRef]

15. Panthi, J.; Li, F.; Wang, H.; Aryal, S.; Dahal, P.; Ghimire, S.; Kabenge, M. Evaluating Climatic and Non-Climatic Stresses for
Declining Surface Water Quality in Bagmati River of Nepal. Environ. Monit. Assess. 2017, 189, 1–15. [CrossRef]

16. Mannina, G.; Viviani, G. Water Quality Modelling for Ephemeral Rivers: Model Development and Parameter Assessment.
J. Hydrol. 2010, 393, 186–196. [CrossRef]

17. Qiu, Y.; Xie, H.; Sun, J.; Duan, H. A Novel Spatiotemporal Data Model for River Water Quality Visualization and Analysis. IEEE
Access 2019, 7, 155455–155461. [CrossRef]

18. Qu, X.; Chen, Y.; Liu, H.; Xia, W.; Lu, Y.; Gang, D.; Lin, L. A Holistic Assessment of Water Quality Condition and Spatiotemporal
Patterns in Impounded Lakes along the Eastern Route of China’s South-to-North Water Diversion Project. Water Res. 2020,
185, 116275. [CrossRef]

19. Tian, Y.; Wen, Z.; Cheng, M.; Xu, M. Evaluating the Water Quality Characteristics and Tracing the Pollutant Sources in the Yellow
River Basin, China. Sci. Total Environ. 2022, 846, 157389. [CrossRef]

20. Al-Ghorani, N.G.; Hassan, M.A.; Langendoen, E.J. Spatiotemporal Patterns of Fractional Suspended Sediment Dynamics in Small
Watersheds. Water Resour. Res. 2021, 57, e2021WR030851. [CrossRef]

21. Li, Y.; Zhu, X. Periodic Identification of Runoff in Hei River Based on Predictive Extension Method of Eliminating the Boundary
Effect of the Wavelet Transform. J. Hydrol. Eng. 2021, 26, 05021008. [CrossRef]

22. Santos, C.; Ideiao, S. Application of the Wavelet Transform for Analysis of Precipitation and Runoff Time Series. Predict. Ungauged
Basins Promise Prog. 2006, 303, 431–439.

23. Labat, D.; Ronchail, J.; Callede, J.; Guyot, J.; De Oliveira, E.; Guimaraes, W. Wavelet Analysis of Amazon Hydrological Regime
Variability. Geophys. Res. Lett. 2004, 31, L02501. [CrossRef]

24. Jiang, C.; Zhou, J.; Wang, J.; Fu, G.; Zhou, J. Characteristics and Causes of Long-Term Water Quality Variation in Lixiahe
Abdominal Area, China. Water 2020, 12, 1694. [CrossRef]

25. Yan, J.; Hu, Y. An Analysis Method of Water Quality Influencing Factors Based on Wavelet Transform. In Proceedings of the 2021
2nd International Conference on Artificial Intelligence and Information Systems, Chongqing China, 28–30 May 2021. [CrossRef]

26. Lin, C.A.; Wen, L.; Lu, G.; Wu, Z.; Zhang, J.; Yang, Y.; Zhu, Y.; Tong, L. Real-Time Forecast of the 2005 and 2007 Summer Severe
Floods in the Huaihe River Basin of China. J. Hydrol. 2010, 381, 33–41. [CrossRef]

27. Dou, M.; Zhang, Y.; Li, G. Temporal and Spatial Characteristics of the Water Pollutant Concentration in Huaihe River Basin
From2003 to 2012, China. Environ. Monit. Assess. 2016, 188, 522. [CrossRef] [PubMed]

28. Zhang, C.; Wang, L.; Zhu, H.; Tang, H. Integrated Hydrodynamic Model for Simulation of River-Lake-Sluice Interactions. Appl.
Math. Model. 2020, 83, 90–106. [CrossRef]

29. Liu, H.; Bao, A.; Chen, X.; Wang, L.; Pan, X. Response Analysis of Rainfall-Runoff Processes Using Wavelet Transform: A Case
Study of the Alpine Meadow Belt. Hydrol. Process. 2011, 25, 2179–2187. [CrossRef]

30. Hamed, K.; Rao, A. A Modified Mann-Kendall Trend Test for Autocorrelated Data. J. Hydrol. 1998, 204, 182–196. [CrossRef]
31. Cavadias, G.; Yue, S.; Pilon, P. Power of the Mann-Kendall and Spearman’s Rho Tests for Detecting Monotonic Trends in

Hydrological Series. J. Hydrol. 2002, 259, 254–271.
32. Sen, P.K. Estimates of the Regression Coefficient Based on Kendall’s Tau. J. Am. Stat. Assoc. 1968, 63, 1379–1389. [CrossRef]
33. Torrence, C.; Compo, G. A Practical Guide to Wavelet Analysis. Bull. Am. Meteorol. Soc. 1998, 79, 61–78. [CrossRef]
34. Grinsted, A.; Moore, J.; Jevrejeva, S. Application of the Cross Wavelet Transform and Wavelet Coherence to Geophysical Time

Series. Nonlinear Process. Geophys. 2004, 11, 561–566. [CrossRef]
35. Cazelles, B.; Chavez, M.; Berteaux, D.; Menard, F.; Vik, J.; Jenouvrier, S.; Stenseth, N. Wavelet Analysis of Ecological Time Series.

Oecologia 2008, 156, 287–304. [CrossRef]

https://doi.org/10.1016/j.watres.2016.02.040
https://www.ncbi.nlm.nih.gov/pubmed/26945962
https://doi.org/10.1016/j.scitotenv.2017.04.092
https://www.ncbi.nlm.nih.gov/pubmed/28456125
https://doi.org/10.1016/j.scitotenv.2018.05.395
https://doi.org/10.1016/j.watres.2006.08.030
https://doi.org/10.1016/j.watres.2015.03.020
https://doi.org/10.1016/j.scitotenv.2016.07.102
https://www.ncbi.nlm.nih.gov/pubmed/27450256
https://doi.org/10.1016/j.jhydrol.2020.124769
https://doi.org/10.1016/j.watres.2020.116282
https://www.ncbi.nlm.nih.gov/pubmed/33086467
https://doi.org/10.1016/j.scitotenv.2017.08.172
https://doi.org/10.1007/s10661-017-6000-9
https://doi.org/10.1016/j.jhydrol.2010.08.015
https://doi.org/10.1109/ACCESS.2019.2949034
https://doi.org/10.1016/j.watres.2020.116275
https://doi.org/10.1016/j.scitotenv.2022.157389
https://doi.org/10.1029/2021WR030851
https://doi.org/10.1061/(ASCE)HE.1943-5584.0002083
https://doi.org/10.1029/2003GL018741
https://doi.org/10.3390/w12061694
https://doi.org/10.1145/3469213.3470339
https://doi.org/10.1016/j.jhydrol.2009.11.017
https://doi.org/10.1007/s10661-016-5503-0
https://www.ncbi.nlm.nih.gov/pubmed/27531013
https://doi.org/10.1016/j.apm.2020.02.019
https://doi.org/10.1002/hyp.7969
https://doi.org/10.1016/S0022-1694(97)00125-X
https://doi.org/10.1080/01621459.1968.10480934
https://doi.org/10.1175/1520-0477(1998)079&lt;0061:APGTWA&gt;2.0.CO;2
https://doi.org/10.5194/npg-11-561-2004
https://doi.org/10.1007/s00442-008-0993-2


Water 2023, 15, 2157 17 of 17

36. Wu, Y.; Dai, R.; Xu, Y.; Han, J.; Li, P. Statistical Assessment of Water Quality Issues in Hongze Lake, China, Related to the
Operation of a Water Diversion Project. Sustainability 2018, 10, 1885. [CrossRef]

37. Mooney, D.; Richards, K.G.; Danaher, M.; Grant, J.; Gill, L.; Mellander, P.-E.; Coxon, C.E. An Analysis of the Spatio-Temporal
Occurrence of Anthelmintic Veterinary Drug Residues in Groundwater. Sci. Total Environ. 2021, 769, 144804. [CrossRef]

38. Murphy, J.; Sprague, L. Water-Quality Trends in US Rivers: Exploring Effects from Streamflow Trends and Changes in Watershed
Management. Sci. Total Environ. 2019, 656, 645–658. [CrossRef]

39. van Vliet, M.; Zwolsman, J. Impact of Summer Droughts on the Water Quality of the Meuse River. J. Hydrol. 2008, 353, 1–17.
[CrossRef]

40. Wolff, E.; van Vliet, M. Impact of the 2018 Drought on Pharmaceutical Concentrations and General Water Quality of the Rhine
and Meuse Rivers. Sci. Total Environ. 2021, 778, 146182. [CrossRef]

41. Alvarez-Cabria, M.; Barquin, J.; Penas, F. Modelling the Spatial and Seasonal Variability of Water Quality for Entire River
Networks: Relationships with Natural and Anthropogenic Factors. Sci. Total Environ. 2016, 545, 152–162. [CrossRef]

42. Yang, K.; Yu, Z.; Luo, Y.; Yang, Y.; Zhao, L.; Zhou, X. Spatial and Temporal Variations in the Relationship between Lake Water
Surface Temperatures and Water Quality—A Case Study of Dianchi Lake. Sci. Total Environ. 2018, 624, 859–871. [CrossRef]
[PubMed]

43. Li, Y.; Zang, C.; Chen, X. Research on temporal and spatial variation characteristics and driving mechanism of land use in Huaihe
River Basin from 1990 to 2015. Ecol. Sci. 2020, 39, 104. (In Chinese) [CrossRef]

44. Tu, J. Combined Impact of Climate and Land Use Changes on Streamflow and Water Quality in Eastern Massachusetts, USA. J.
Hydrol. 2009, 379, 268–283. [CrossRef]

45. Meneses, B.; Reis, R.; Vale, M.; Saraiva, R. Land Use and Land Cover Changes in Zezere Watershed (Portugal)—Water Quality
Implications. Sci. Total Environ. 2015, 527, 439–447. [CrossRef]

46. Zhang, T.; Feng, M.; Chen, K.; Cai, Y. Spatiotemporal Distributions and Mixing Dynamics of Characteristic Contaminants at a
Large Asymmetric Confluence in Northern China. J. Hydrol. 2020, 591, 125583. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/su10061885
https://doi.org/10.1016/j.scitotenv.2020.144804
https://doi.org/10.1016/j.scitotenv.2018.11.255
https://doi.org/10.1016/j.jhydrol.2008.01.001
https://doi.org/10.1016/j.scitotenv.2021.146182
https://doi.org/10.1016/j.scitotenv.2015.12.109
https://doi.org/10.1016/j.scitotenv.2017.12.119
https://www.ncbi.nlm.nih.gov/pubmed/29274610
https://doi.org/10.14108/j.cnki.1008-8873.2020.02.014
https://doi.org/10.1016/j.jhydrol.2009.10.009
https://doi.org/10.1016/j.scitotenv.2015.04.092
https://doi.org/10.1016/j.jhydrol.2020.125583

	Introduction 
	Material and Methods 
	Study Region 
	Data 
	Methods 

	Results 
	Long-Term Trends of Streamflow and Water Quality 
	Variability in Streamflow and Annual Water Quality 
	Temporal Patterns and Periodicities 

	Discussion 
	The Impacts of Streamflow on Contaminant Transport Regimes 
	The Impacts of Water Temperature on Water Quality Variability 
	The Impacts of Land Use on Water Quality Variability 
	Particularity of Water Quality Patterns in a River–Lake System 

	Conclusions 
	References

