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Abstract: The spatiotemporal characteristics of river water quality are the key indicators for ecosys-
tem health evaluation in basins. Land use patterns, as one of the main driving forces of water quality
change, affect stream water quality differently with the variations in the spatiotemporal scales. Thus,
quantitative analysis of the relationship between different land cover types and river water quality
contributes to a better understanding of the effects of land cover on water quality, the landscape
planning of water quality protection, and integrated water resources management. Based on water
quality data of 2006–2018 at 18 typical water quality stations in the Yangtze River basin, this study
analyzed the spatial and temporal variation characteristics of water quality by using the single-factor
water quality identification index through statistical analysis. Furthermore, the Spearman correlation
analysis method was adopted to quantify the spatial-scale and temporal-scale effects of various
land uses, including agricultural land (AL), forest land (FL), grassland (GL), water area (WA), and
construction land (CL), on the stream water quality of dissolved oxygen (DO), chemical oxygen
demand (CODMn), and ammonia (NH3-N). The results showed that (1) in terms of temporal variation,
the water quality of the river has improved significantly and the tributaries have improved more
than the main rivers; (2) in the spatial variation respect, the water quality pollutants in the tributaries
are significantly higher than those in the main stream, and the concentration of pollutants increases
with the decrease of the distance from the estuary; and (3) the correlation between DO and land use
is low, while that between NH3-N, CODMn, and land use is high. CL and AL have a negative effect
on water quality, while FL and GL have a purifying effect on water quality. In particular, AL and CL
have a significant positive correlation with pollutants in water. Compared with NH3-N, CODMn has
a higher correlation with land use at a larger scale. The results highlight the spatial scale and seasonal
dependence of land use on water quality, which can provide a scientific basis for land management
and seasonal pollution control.

Keywords: water quality; land use; multiscale relationship; Yangtze River basin

1. Introduction

Freshwater ecosystems, one of the most diverse per unit habitat volumes on earth,
play an irreplaceable role in both the natural environment and human society [1]. River
networks are connected in both upstream and downstream directions by the stream flow,
representing the pathways for mass transport from land to lakes and oceans, which can
maintain the connectivity of populations of freshwater species [2]. In a river basin, the
quality and quantity of fresh water can determine biodiversity and ecosystem productivity
by affecting biogeochemical processes and ecological dynamics [3]. However, with the
development of the economy and society in recent years, surface water has been increas-
ingly polluted, which can affect the ecological environment. The quality of life of people,

Remote Sens. 2021, 13, 3309. https://doi.org/10.3390/rs13163309 https://www.mdpi.com/journal/remotesensing

https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0002-6616-5049
https://doi.org/10.3390/rs13163309
https://doi.org/10.3390/rs13163309
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/rs13163309
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/article/10.3390/rs13163309?type=check_update&version=2


Remote Sens. 2021, 13, 3309 2 of 27

freshwater species, and ecosystems are increasingly threatened by the deteriorating water
quality environment [4]. So it is necessary to assess the water quality to protect freshwater
ecosystems better. There are many ways to assess the water quality, including water quality
index methods [5], water quality models [6], and machine learning [7]. Moreover, with the
development of remote sensing technology, many researchers are focusing on remote water
quality assessment. For example, Li et al. used remote sensing and the spatial simulated
annealing integrated approach to assess the water quality of high dynamic lakes [8]. Şan-
dric et al., based on land cover data, defined a remote measure of the potential of pollution,
named RWQ, and showed a good result in water quality assessment [9].

Stream water quality is controlled by both natural and anthropogenic factors, and its
relative influence changes with temporal and spatial scales [10,11]. A growing body of
research has shown a strong correlation between the type and scale of land use and water
quality [12].

Different land use types that reflect the different underlying surface attributes and the
intensity of human activities can determine the sources of pollutants flowing into stream
flows [13]. A disadvantage of agricultural production is the contamination of the terrestrial
environment by atmospheric nitrogen deposition [14]. Agricultural and developed lands
are regarded as the main pollution sources of ammonia nitrogen [15]. Agricultural land
loses nitrogen easily, and nitrogen fertilizer that cannot be used by crops enters the river
with rainfall runoff, causing the nitrogen content to rise [16]. Artificial buildings and
impervious surfaces easily gather a large amount of sediment, nutrients, and heavy metal
pollutants, which easily flow into rivers and cause a burden on rivers [17]. A decrease in
the forest land area or replacement by other land use leads to the deterioration of water
quality [18].

The impacts of land use changes on water quality are complex and depend on seasons
and spatial scales [19–22]. In each basin, factors such as the distance of land use from
the river, the area of land use, and its spatial distribution on the river affect the water
quality of the river [23]. Therefore, the spatial scale where land use has the greatest impact
on water quality has always been a research hotspot [24]. Although a large number of
studies have proved that land use at different temporal and spatial scales has different
impacts on water quality, there is still no unified recognition of which spatial scale has
the greatest impact on water quality [25]. For instance, Shi et al. pointed out that the
interpretation of the land use pattern on water quality at the riparian scale is higher than
that at the watershed scale [26]. Li et al. concluded that as the size of the buffer zone
increases, the correlation between construction land and water quality increases, and the
positive role of forestland in reducing pollutants increases [27]. In cities, there is a small
correlation between farmland and water quality. The reason for these different views
is the different natural, socio-economic conditions and different geographical locations
in the study areas. In these studies, researchers individually designated the study areas
as watershed, sub-catchment, riparian zone, or local area. However, all kinds of factors
that affect water quality in different areas of an entire river basin lead to different spatial
scales and different buffer zones that have various effects on water quality. It indicates
that instead of dividing different areas into buffer zones or watersheds, combining them is
more reasonable and desirable when identifying the correlation between water quality and
land use in the entire basin.

The Yangtze River basin is one of the most densely populated areas in China. Sur-
face runoff plays an important role in the ecological environment and human water use.
However, the water security in the basin is under increasing threat. Understanding the
relationship between land use and water quality in the Yangtze River basin can provide
a scientific basis for water pollution control and land use management. In the Yangtze
River basin, many researchers have studied the relationship between land use and water
quality, and their research areas were mainly concentrated in the Three Gorges [28], the
Han River [29], and the Yangtze River delta [30]. They thought there is a strong correlation
between land use and water quality, but most of them did not consider the influence of
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different temporal and spatial scales on the correlation. Some scholars have considered
the effect of the spatial scale on the correlation changes from watershed to riparian [25,31],
ignoring the correlation changes from riparian to watershed. In this study, the relation-
ship between land use and water quality is studied in different subregions in the whole
Yangtze River basin by dividing the buffer from the more sophisticated space scale and
more comprehensive timescales, and thus a more comprehensive discussion is conducted
of the factors affecting water quality. The main aims of this study are (1) to detect the
spatiotemporal variations in the water quality of the basin, (2) to analyze land use changes,
(3) and to evaluate the impact of different land uses on river water quality at the watershed
and buffer scale in the whole Yangtze River basin.

2. Materials and Methods
2.1. Study Area

Located at 24◦ to 35◦ north latitude and 90◦ to 122◦ east longitude, the Yangtze
River basin (YRB) (Figure 1) is the third-largest basin in the world, including vast main
streams and tributaries, spanning 19 provinces, cities, and autonomous regions in east,
central, and west China. The total area of the basin is 1.8 million km2, accounting for
18.8% of China’s land area [32]. The YRB is a multilevel ladder terrain. It flows through
mountains, plateaus, basins (tributaries), hills, and plains, as well as the Qinghai Tibet
Plateau, Hengduan Mountains, Yunnan Guizhou Plateau, Sichuan Basin, Jiangnan Hills,
and the plains of the middle and lower reaches of the Yangtze River. The YRB can be
divided into three geographical climate regions: the Qinghai Tibet high cold region in the
west, the tropical monsoon climate region in the southwest, and the subtropical monsoon
climate region [33]. The main stream length of the Yangtze River is 6397 km, with a total
basin area of about 1.8 million km2, accounting for 18.8% of China’s land area. The upper
reach of the main stream of the Yangtze River is above Yichang, with a drainage area of
1 million km2. The middle reach of the Yangtze River is from Yichang to Hukou, with a
drainage area of 0.68 million km2. The lower reach is below Hukou, with a drainage area
of 0.12 million km2. The number of cities and urban built-up area in the YRB generally
increased, and the expansion was the most dramatic from 2006 to 2013 [34]. Water quality
in the basin has improved in recent years, while the pollution levels are still relatively high
due to industrial and domestic wastewater discharge in the regions with higher GDP and
population density [35].

Figure 1. The location of water quality stations in the study area.



Remote Sens. 2021, 13, 3309 4 of 27

2.2. Data
2.2.1. Water Quality Dataset and Indicators Selection

In this study, the weekly measured water quality concentrations at 18 water quality
stations (Table 1) during 2006 to 2016 and 2018 were collected according to the geographical
location and area of the main tributaries of the Yangtze River basin from the China National
Environmental Monitoring Center (http://www.cnemc.cn; accessed on 12 November 2020).
Three water quality indicators, dissolved oxygen (DO), chemical oxygen demand (CODMn),
and ammonia (NH3-N), were selected for analysis, which have been most commonly
and widely used to represent stream water quality [13]. The original data we obtained
were weekly data. Through statistical processing, we averaged the weekly data in each
month to get the monthly data and the average of the weeks of the year to get the annual
average. Seventy percent of the precipitation in the Yangtze River Basin occurs from April
to October [36]. So we defined the wet season as April to October and the dry season as
November to March. The data of the wet season are the average of monthly data from April
to October. The data of the dry season are the average of monthly data from November
to March. For analysis with land use data, water quality data were divided into four
stages. The water quality data for each stage were averaged from annual and seasonal data
included in the stage. The range of years for the stages of each water quality station is
shown in Table 2.

Table 1. Basic information of water quality sites in Yangtze River Basin.

ID Station Name River NS Period

1 Linshan Yangtze River 144 2006–2018
2 Wanhekou Yangtze River 144 2006–2018
3 Hexi Drinking Water Plant Yangtze River 144 2006–2018
4 Chenglingji Yangtze River 144 2006–2018
5 Nanjinguan Yangtze River 144 2006–2018
6 Zhutuo Yangtze River 144 2006–2018
7 Longdong Yangtze River 144 2006–2018
8 Xingang Xiangjiang River 144 2006–2018
9 Chucha Ganjiang River 144 2006–2018

10 Shahekou Lishui River 84 2011–2018
11 Potou Yuanjiang River 72 2012–2018
12 Taocha Hanjiang River 144 2006–2018
13 Minjiang Bridge Minjiang River 144 2006–2018
14 Zongguan Hanjiang River 144 2006–2018
15 Liangjianggou Minjiang River 144 2006–2018
16 Tuojiang Second Bridge Tuojiang River 144 2006–2018
17 Qingfengxia Jialing River 132 2007–2018
18 Lianyuxi Chishui River 84 2011–2018

NS denotes the number of samples obtained at each station, and “Period” denotes the period in which the data
are covered (2017 data are missing).

Table 2. The range of years for each stage.

ID Station Name Stage 1 Stage 2 Stage 3 Stage 4

1 Linshan 2006–2008 2010–2012 2013–2015 2016,2018
2 Wanhekou 2006–2008 2010–2012 2013–2015 2016,2018
3 Hexi Drinking Water Plant 2006–2008 2010–2012 2013–2015 2016,2018
4 Chenglingji 2006–2008 2010–2012 2013–2015 2016,2018
5 Nanjinguan 2006–2008 2010–2012 2013–2015 2016,2018
6 Zhutuo 2006–2008 2010–2012 2013–2015 2016,2018
7 Longdong 2006–2008 2010–2012 2013–2015 2016,2018
8 Xingang 2006–2008 2010–2012 2013–2015 2016,2018

http://www.cnemc.cn
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Table 2. Cont.

ID Station Name Stage 1 Stage 2 Stage 3 Stage 4

9 Chucha 2006–2008 2010–2012 2013–2015 2016,2018
10 Shahekou – 2011–2012 2013–2015 2016,2018
11 Potou – 2012 2013–2015 2016,2018
12 Taocha 2006–2008 2010–2012 2013–2015 2016,2018
13 Minjiang Bridge 2006–2008 2010–2012 2013–2015 2016,2018
14 Zongguan 2006–2008 2010–2012 2013–2015 2016,2018
15 Liangjianggou 2006–2008 2010–2012 2013–2015 2016,2018
16 Tuojiang Second Bridge 2006–2008 2010–2012 2013–2015 2016,2018
17 Qingfengxia 2007–2008 2010–2012 2013–2015 2016,2018
18 Lianyuxi – 2010–2012 2013–2015 2016,2018

2.2.2. Land Use Dataset

In this paper, the land use grid maps at 1 km × 1 km resolution of the years 2005, 2010,
2015 and 2018 were selected from Landsat TM/ETM remote sensing image calibration
at the Resource and Environmental Science Data Center of Chinese Academy of Sciences
(http://www.resdc.cn/; accessed on 12 November 2020). To better investigate the rela-
tionships between water quality and land use, the land use types in the study area were
reclassified and divided into six types according to the National Land Classification Stan-
dard: agricultural land (AL), forest land (FL), grassland (GL), water area (WA), construction
land (CL), and unused land (UL).

Since the composition and change of all land use in the upstream area of the water
quality station have a direct or indirect impact on the water quality, we defined the range
of sub-basins affecting the water quality at each station as the sum of all sub-basins in the
upstream region of the station that conform to the production and confluence mechanism.
Considering that the Yangtze River basin has a large area and the land use grid map used
is at 1:100,000 scale, we created 10–200 km multi-ring circular buffers at the center of each
site and then cropped them along the watershed boundary. In addition, land use changes
were analyzed in different buffer zones in the sub-basins where the water quality stations
are located. Taking Longdong Station as an example, the division of the basin and each
buffer zone is shown in Figure 2.

Figure 2. Diagram of watershed (a) division and buffer zone (b) division in the Yangtze River basin
(c) (taking Longdong Station as an example).

http://www.resdc.cn/
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2.3. Methods
2.3.1. Single-Factor Water Quality Identification Index

The single-factor water quality identification index can completely mark important
information, such as the category of the water quality evaluation index, water quality data,
and functional area target value, which can not only qualitatively evaluate according to the
national standard category but also analyze water quality data according to the labeling
index. The difference in the same type of water quality index in the same grade can be
compared and analyzed, and the pollution degree of water quality can be compared and
analyzed in different types of water quality indexes [37].

The single-factor water quality index P consists of one integer, with two or three
significant digits after the decimal point, and is expressed as

Pi = X1.X2X3, (1)

where X1 represents the water quality category of the water quality index in item i (the
larger the value, the more serious the water pollution of the monitoring index); X2 rep-
resents the position of monitoring data in the change interval of grade X1 water quality,
which is determined by the principle of rounding according to the formula; and X3 rep-
resents the comparison result between the water quality category and the set category of
the water function area and is the pollution degree of the evaluation index. X3 is one or
two valid numbers (according to the research needs of this paper, the single-factor water
quality index adopted one integer and one significant digit after the decimal point).

According to the evaluation standard of environmental quality standards for surface
water (GB 3838-2002), when the water quality is between grades I and V, the non-dissolved
oxygen index is as follows:

X1.X2 = k +
ρi − ρi,k↓

ρi,k↑ − ρi,k↓
(2)

The index of dissolved oxygen is as follows:

X1.X2 = k + 1−
ρi − ρi,k↓

ρi,k↑ − ρi,k↓
, (3)

where k = 1, 2, 3, 4, and 5 and represents the indexes of grade I, grade II, grade III, grade IV,
and grade V, respectively. ρi is the index of item i measured concentration; ρi,k↑ and ρi,k↓
are the upper and lower limits of the water quality standard interval in the water quality
index of item i in grade k, respectively.

When the water quality is worse than or equal to the grade V water limit, the non-
dissolved oxygen index is as follows:

X1.X2= 6+
ρi − ρi,5↑

ρi,5↑
(4)

The index of dissolved oxygen is as follows:

X1.X2= 6+
ρDO,5↓ − ρDO

ρDO,5↓
× 4 (5)

where ρi,5↑ and ρi,5↓ are the upper and lower limits of the standard interval of the water
quality index of item i in grade V, respectively.
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2.3.2. The Mann–Kendall Trend Test

The Mann–Kendall trend test is based on the correlation between the ranks of a time
series and their time order [38–40]. For a time series A = {a1, a2, . . . , an}, the calculation
process of this method is as follows:

Comparing the water quality data of each year in year i, if the second year is greater
than the first year, marked as +1, and vice versa as −1, no change is recorded as 0, and the
sum of the counts for all years is obtained as follows:

S = ∑
i<j

sign(aj − ai) (6)

sign(aj − ai) =


1 aj > ai
0 aj = ai
−1 aj < ai

(7)

Under the null hypothesis, Var(Sn) is

Var(Sn) =
n(n− 1)(2n + 5)

72
, (8)

where n is the number of observations. The existence of tied ranks (equal observations) in
the data results in a reduction in the variance of Var to become

Var(Sn) =
n(n− 1)(2n + 5)

72
−

m

∑
i=1

tj(tj − 1)(2tj + 5)/18, (9)

where m is the number of groups of tied ranks.
The formula for calculating the statistical test value Z is

Z =


(S− 1)/

√
Var(s) i f S > 0

0 i f S = 0
(S− 1)/

√
Var(s) i f S < 0

. (10)

When Z > 0, the sequence has an upward trend; when Z < 0, the sequence has a
downward trend; if |Z| < 1.96, the change is not significant; if 1.96 < |Z| < 2.56, the
change is significant; if |Z| > 2.56, the change is extremely significant; and the greater the
value of |Z|, the more significant the change.

2.3.3. Spearman Rank Correlation

The Spearman rank correlation coefficient is a statistical method used to evaluate the
correlation between two variables. The most prominent feature is that there is no need
to examine the sample size or overall distribution characteristics of variables, which is
fast and robust. For two vectors X and Y with dimension n, Xi and Yi represent their
corresponding i (1 ≤ I ≤ n) elements, respectively. X and Y are arranged in the same
ascending or descending order to get a new sequence of variables x and y. Among them, xi
is the rank of xi in x and yi is the rank of y. Correspondingly, the difference set di = xi − yi
defines the Spearman rank correlation coefficient between the random variables X and Y
as follows [41]:

r = 1−
6∑n

i=1 d2
i

n(n2 − 1)
(11)

The numerator is the sum of the errors between two sequences, reflecting the differ-
ences between the two variables; the denominator is a constant related to the length of the
sequence. From the calculation process, it can be seen that the calculation of the Spearman
rank correlation coefficient has few restrictions and high efficiency. It has been applied for
many times in the study of correlation between land use and water quality.
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We extracted the land use data of the watershed boundary of the sub-watershed where
each station is located, and used the Spearman correlation analysis method to establish and
analyze the correlation between the area proportion of land use types and water quality
indicators so as to qualitatively determine the impact of land use types on water quality.

3. Results
3.1. Spatiotemporal Characteristics of the Water Quality

To reveal the seasonal variation characteristics of water quality, the monthly mean
water quality data from 2012 to 2018 of 18 stations in the wet season (April–October) and
the dry season (November–March of the next year) were compared and analyzed. As
shown in Figures 3–6, water quality was characterized by seasonal changes. The seasonal
variation of DO was high, and it can be seen that the concentration of DO in the dry season
was significantly higher than that in the wet season at each site, especially in Linshan,
Chucha, Xingang, and Minjiang Bridge. It can be clearly seen that water quality reached
grade II or even grade I in the dry season, while water quality deteriorated to grade III or
grade IV in the wet season. In the wet season, there were obvious spatial variations in the
main stream, and the concentration of DO increased with the increase in distance from the
estuary. The concentration of NH3-N varied greatly by season, with a high concentration in
the dry season and al ow concentration in the wet season. In the wet season, precipitation
and the river flow were high, which resulted in the dilution of DO in the water. In contrast
to DO, NH3-N showed poor water quality in the dry season and good water quality in the
wet season. This was obvious in Chucha, Minjiang Bridge, and Xingang. Compared with
most of the tributaries, the concentration of NH3-N in the trunk stream was significantly
lower, but the concentration of NH3-N in the trunk stream was higher in the Xiangjiang
River, Yuanjiang River, Lishhui River, and Minjiang River. The seasonal variation in the
CODMn concentration at each station was slight, and the concentration at most stations was
higher in the wet season than in the dry season. Compared with DO and NH3-N, although
the seasonal variation in COD was not so obvious, it can be seen from Longdong, Minjiang
Bridge, Tuojiang Second Bridge, and Liangjianggou stations that the water quality in the
wet season was worse than that in the dry season. The spatial distribution of the CODMn
concentration in the trunk stream was obviously different. As the distance from the estuary
decreased, the concentration of CODMn increased, which may be caused by the fact that
CODMn is not easily adsorbed by soil and the pollutants accumulate along the river basin.
The concentration of CODMn was different in different tributaries. The values were higher
in the Minjiang River and Tuojiang River than in the other basins.
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Figure 3. Box plots of water quality concentration of DO (a) CODMn (b), and NH3-N (c) in the wet
and dry seasons. The X-axis represents water quality stations, and the positive directions along the
X-axis indicate an increase in the distance from the site to the estuary. The left side of the green line is
the main stream, and the right side is the tributary.
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Figure 4. The monthly identification index of DO of each monitoring section (white block indicates
lack of monitoring data). The first seven sites are the trunk streams.
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Figure 5. The monthly identification index of CODMn of each monitoring section (white block
indicates lack of monitoring data). The first seven sites are the trunk streams.
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Figure 6. The monthly identification index of NH3-N of each monitoring section (white block
indicates lack of monitoring data). The first seven sites are the trunk streams.
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3.2. Analysis of Annual Trend of Water Quality

As shown in Figure 6, the change in water quality in the main stream was relatively
stable, fluctuating around grade II. DO fluctuated up and down in five sites: Zhutuo,
Wanhekou, Longdong, Chenglingji, and Hexi Drinking Water Plant. The DO in two sites,
Nanjinguan and Linshan, had a significant downward trend. CODMn fluctuated up and
down in five sites, Zhutuo, Wanhekou, Longdong, Linshan, and Hexi Drinking Water Plant,
and decreased significantly in two sites, Nanjinguan and Chenglingji. NH3-N fluctuated
up and down in four sites, Zhutuo, Wanhekou, Longdong, and Linshan, while eight sites,
including Nanjinguan, Hexi Drinking Water Plant, and Chenglingji, showed an obvious
trend of decline.

The water quality of tributaries changed more than that of the main streams. By 2018,
the water quality could basically meet the standards of grade II or grade III. DO showed
an obvious declining trend in eight sites: Chucha, Shahekou, Potou, Lianyuxi, Zongguan,
Taocha, Tuojiang Second Bridge, and Minjiang Bridge. DO in the other three sites fluctuated
up and down. The CODMn in two sites, Xingang and Minjiang Bridge, showed an obvious
declining trend. The CODMn in eight sites (Chucha, Shahekou, Lianyuxi, Zongguan,
Taocha, Tuojiang Second Bridge, Qingfengxia, and Liangjianggou) showed a fluctuating
trend or a slightly upward trend, while in Potou, it showed a significant upward trend.
NH3-N showed an obvious downward trend in four sites (Chucha, Tuojiang Second Bridge,
Minjiang Bridge, and Xingang), and in seven sites (Shahekou, Potou, Lianyuxi, Zongguan,
Taocha, Qingfengxia, and Liangjianggou), NH3-N fluctuated up and down.

To reveal the changes in water quality in different seasons, we weighted and averaged
all kinds of water quality evaluation factors to obtain a comprehensive water quality index
and conducted an MK trend test for the dry season and the wet season. Due to the short
time series of water quality data of Shahekou, Potou, and Lianyuxi, we conducted the
MK trend test to eliminate them. As shown in Figure 7, it can be seen that the water
quality index of tributaries had a significantly higher downward trend than that of the
main streams. In the dry season, the water quality indexes of six sites showed an upward
trend but did not reach the significance level of 0.05, which is not an obvious upward trend,
while the water quality indexes of nine sites showed a downward trend, and five sites
exceeded the significance level of 0.05, showing a significant downward trend. In the wet
season, the water quality indexes of five sites showed an upward trend, but did not reach
the significance level of 0.05. The water quality indexes of 10 sites showed a downward
trend, and 4 sites showed a significant downward trend. From the point of view of stations
showing a significant downward trend, except for Minjiang Bridge, the downward trend
in the dry season was obviously greater than that in the wet season.
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Figure 7. Annual changes in water quality identification indexes of different pollutants. The first
seven sites are the trunk streams.

On the whole, the water quality of the whole Yangtze River basin is dominated by
grade II and grade III. The water quality of some sites can reach grade I, and before 2010,
the water quality of a few sites reached grade IV, but by 2018, the water quality of all sites
improved significantly and was basically maintained at the level of grade II or grade III.
All kinds of water quality mainly showed up and down fluctuations or obvious downward
trends, but different water quality categories in different regions reflected different trends.
The water quality of the main stream was obviously better than that of the tributaries, and
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the water quality indexes fluctuated up and down at most sites. Some of the water quality
indexes in tributaries showed a downward trend, especially NH3-N and DO indexes.
Although the water quality of some sites had a certain upward trend, it could still reach
grade II. Although the water quality of the tributary is not as good as that of the main
stream, it can be seen from trend analysis that the changing trend in the water quality of
the tributary is more obvious. The trend in water quality improvement in the dry season is
obviously higher than that in the wet season.

3.3. Land Use Change

As shown in Figure 8, the Yangtze River basin is mainly composed of FL, GL, and
AL. AL is mainly distributed in the middle and lower reaches of rivers and around the
Sichuan Basin. GL is mainly found in the upper reaches. FL is mainly distributed between
GL and AL. CL is scattered in the Sichuan Basin and near the middle and lower reaches
of the river. From 2005 to 2015, it is obvious that the CL expanded, and the CL was more
densely distributed, especially in the middle and lower reaches, where urban expansion is
obvious, replacing AL, resulting in the reduction in the AL area.

Figure 8. Changing trend in the identification index of comprehensive water quality. The blue line
represents a significance level of 0.05, and the red line represents a significance level of 0.01.

As can be seen from the line figure (Figure 9) and the table (Table 3), the proportion
of AL in the Yangtze River basin increased from 2005 to 2010 and decreased from 2010 to
2018. In addition, the major changes took place between 2005 and 2010. The proportion
of FL in the whole basin showed a decreasing trend from 2005 to 2015, while it showed
a small increasing trend from 2015 to 2018. The main changes also occurred from 2005
to 2010. The proportion of GL showed a downward trend from 2005 to 2015, while the
change in trend was not obvious from 2005 to 2015. The main changes took place between
2015 and 2018. The proportion of WA showed an upward trend from 2005 to 2018, and
the main change occurred from 2005 to 2010, with a 23.31% increase. The proportion of CL
showed an upward trend from 2005 to 2015, and the main change occurred from 2005 to
2010, where the growth rate reached 143.03%. Although from 2010 to 2018, the growth rate
showed a decrease, the growth rate was also high, reaching 20% at each stage.
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Figure 9. Land use distribution in 2005 (a), 2010 (b), 2015 (c), and 2018 (d).
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Table 3. Change in land use area proportion in different years in the Yangtze River basin. AP indicates the area proportion,
and GR indicates the growth rate of the land use type from the previous year.

Land Use Type

Year

2005 2010 2015 2018

AP GR AP GR AP GR AP GR

Agricultural land 26.91% – 27.54% 2.28% 27.19% −1.28% 26.76% −1.52%
Forest land 43.48% – 40.86% −6.04% 40.75% −0.28% 41.27% 1.32%
Grassland 23.32% – 23.31% −0.05% 23.31% −0.03% 23.05% −1.06%
Water area 2.42% – 3.08% 26.95% 3.11% 1.18% 3.23% 3.78%

Construction land 0.81% – 1.96% 143.03% 2.40% 22.47% 3.00% 25.16%
Unused land 3.06% – 3.25% 5.98% 3.25% −0.05% 2.68% −17.43%

Figure 10 shows the spatial distribution pattern of land use. With the increase in
buffer size, the proportion of AL showed a trend of first increasing and then decreasing.
With the increase in the buffer zone, the proportion of FL showed an upward trend. With
the increase in the buffer zone, the percentage of GL showed an upward trend, and the
increase was most significant from 200 km to the basin. With the increase in the buffer
zone, the percentage of WA showed a decreasing trend and the percentage of CL showed a
downward trend.

Figure 10. Box plot of 18 sites with different land use ratios in each buffer zone in 2018.

3.4. Correlation Analysis of Water Quality and Land Use

Water quality data from 2006 to 2018 were divided into four groups: S1, S2, S3, and S4.
The specific grouping situation can be referred from Table 2. Spearman rank correlation
analysis was used to analyze the correlation between the average values of different water
quality pollutants (S1, S2, S3, S4) in interannual, wet, and dry seasons and the land use
percentage in 2005, 2010, 2015, and 2018.

It can be seen from Figures 11–13 that except for S1 and S4, the correlation between
AL and DO touched the significance level of 0.05, and all other periods did not exceed
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the significance level of 0.05. Moreover, the correlation was higher in the wet season and
consistent in the three stages, showing a negative correlation. In the dry season, there was
only a negative correlation in S1, S3, and S4 and a positive correlation in S2. There was a
positive correlation between AL, and CODMn and NH3-N, and the correlation increased
continuously from S1 to S4, and the degree of increase was greater from S1 to S2. At
the same time, there was a certain seasonal change in the correlation, and the seasonal
difference decreased gradually with the change in time; moreover, the correlation changed
from the dry season to the wet season. The correlation between AL and pollutants also
had a certain scale effect, showing a trend of first increasing and then decreasing. The
correlation between AL and CODMn reached the maximum in the 110 km buffer in S1, the
optimal buffer in S2 and S3 was 180 km, and S4 reached the maximum in the 170 km buffer.
The correlation between AL and NH3-N reached the maximum in the 90 km buffer in S1,
20 km buffer in S2, 70 km buffer in S3, and 20 km buffer in S4.

Figure 11. Correlation index of DO and different land use types in different seasons in S1, S2, S3, and S4. Each row from the
top to the bottom represents a type of land use.
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Figure 12. Correlation index of CODMN and different land use types in different seasons in S1, S2, and S3. Each row from
the top to the bottom represents a type of land use.
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Figure 13. Correlation index of NH3-N and different land use types in different seasons in S1, S2, and S3. Each row from the
top to the bottom represents a type of land use.

The correlation between FL and DO was low in all periods. There was a positive
correlation in the wet season; a negative correlation in the dry season in S2, S3, and S4; and
a positive correlation in S1. There was a negative correlation between FL, and CODMn and
NH3-N. In addition, the correlation between FL and NH3-N increased greatly from S1 to
S3 and decreased slightly from S3 to S4. The correlation between AL and CODMn increased
from S1 to S4. The correlation between CODMn and FL showed a certain seasonal variation,
and this seasonal difference gradually decreased with time. The correlation was higher
in the dry season in S1 and higher in the wet season in S2 to S4. The correlation between
NH3-N and FL showed a higher correlation in the dry season in S1 and S2 and in the wet
season in S3 and S4. In terms of the scale effect, the correlation between FL and CODMn
increased first and then decreased with the increase in the buffer, reaching the maximum
in the 80 km buffer of S1, 110 km buffer of S2, 180 km buffer of S3, and 170 km buffer of
S4. The correlation between FL and NH3-N decreased with the increase in the buffer area,
reaching the maximum in the 50 km buffer of S1, 10 km buffer of S2, 70 km buffer of S3,
and 20 km buffer of S4. When it comes to the watershed scale, the correlation was low.
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The correlation between DO and GL was mainly positive, but some buffers in S1 and
S2 were negatively correlated, and the correlation was high in the wet season and reached
the maximum at the watershed scale. There was a negative correlation between GL, and
CODMn and NH3-N. The seasonal difference of correlation between GL and CODMn was
greater in the dry season in S1 and S3 and greater in the wet season in S2 and S4, and
the seasonal difference of correlation between grassland and NH3-N was small. The scale
effect of the correlation between GL and CODMn changed steadily in S1 but did not change
much with the scale change. In S2 to S4, the correlation increased with the increase in
buffer. At 200 km, the correlation was the largest but continued to increase to the basin
scale, the correlation will decrease, and S3 had the largest correlation. The correlation
between NH3-N and grassland, with the increase in the buffer zone, formed two extreme
points at 40 km, and 140–160 km.

The correlation between DO and WA showed a significant seasonal difference, show-
ing a positive correlation in both S1 stages but a negative correlation in the wet season
and a positive correlation in the dry season. There was a positive correlation between WA,
and CODMn and NH3-N, while there was a significant seasonal difference. The correlation
between WA, and CODMn and NH3-N was significantly higher in the dry season than in
the wet season, and S2 had the highest correlation, while S1 had the lowest correlation. In
terms of scale, the correlation with the two pollutants first increased and then decreased
with the increase in the buffer zone. The maximum correlation between water and CODMn
was 130–140 km in S1 to S4. The maximum correlation between water and NH3-N was
60–70 km in S1 to S3 and 110 km in S4.

The correlation between DO and CL had the most obvious seasonal difference, and
the correlation was not high in the S1 stage, but in S2 to S4, there was a significant negative
correlation in the wet season, a lower correlation in the S2 dry season, and a non-significant
negative correlation in the S1, S3, and S4 dry season. CL was positively correlated with
CODMn and NH3-N. The correlation between CL and CODMn showed an upward trend
from S1 to S4, and the correlation reached a higher value with the increase in the buffer
area. The correlation between CL and NH3-N was the maximum in S1 and the minimum
in S4. In S1 and S2, the correlation increased first and then became stable with the increase
in the buffer size. The maximum correlation between CL and CODMn was 200 km in S1 to
S4. The maximum correlation between CL and NH3-N was 60 km in S1 to S2 and 80–90 km
in S3 to S4.

Because the correlation in S1 was low, the correlation in S2 to S4 was more consistent,
and S4 was the closest to the current stage, so we used the correlation in S4 to analyze
the differences between different land types. As shown in Table 4, CL, AL, and WA had
a negative impact on water quality. In any season, CL had a greater negative effect on
DO than AL, and WA had the lowest negative effect. FL had a negative effect in the wet
season, but the effect was low. In contrast, the negative effect on NH3-N showed that AL
was greater than CL in two seasons. Moreover, the negative effect on CODMn showed a
difference in different seasons, indicating that the effect of AL is greater than that of CL in
the wet season and CL affects more in the dry season.
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Table 4. Comparison of the maximum correlation and the buffer (S4) of land use and water quality
in different seasons.

Land Use

Wet Season

DO CODMn NH3-N

Max. R Buffer Max. R Buffer Max. R Buffer

AL −0.51 17 0.83 17 0.56 2
FL 0.54 5 −0.63 14 −0.47 1
GL 0.69 19 −0.55 19 −0.7 3
WA −0.45 13 0.28 14 0.36 7
CL −0.77 5 0.7 20 0.37 6

Land Use

Dry Season

DO CODMn NH3-N

Max. R Buffer Max. R Buffer Max. R Buffer

AL −0.33 20 0.58 17 0.38 1
FL −0.17 2 −0.63 4 −0.28 1
GL 0.48 19 −0.68 20 −0.68 3
WA −0.22 13 0.62 14 0.26 7
CL −0.51 2 0.76 13 0.31 6

4. Discussion

It can be seen from the spatiotemporal variation of water quality that the overall water
quality in the Yangtze River basin is improving, and there are obvious seasonal and spatial
differences. The level of DO and CODMn is poor in the wet season and good in the dry
season. The level of NH3-N is better in the dry season, but worse in the wet season. This
is consistent with previous research results [42]. The main reason may be due to the high
stream flow in the wet season when the concentration of DO and NH3-N is diluted, while
the precipitation and discharge are less in the dry season, the river self-purification capacity
is low causing difficulty to the pollutant to spread. But CODMn are easily washed away by
rainwater and runoff, which also leads to the increase of water quality pollution with the
increase of runoff [24].

From 2005 to 2018, the land use change was mainly manifested as the increase in CL,
AL increased from 2005 to 2010 and decreased after 2010, while FL decreased in a certain
proportion from 2005 to 2010 but changed little after 2010. The GL appeared to be changing
less. This result is mainly due to the influence of China’s policy of returning farmland to FL
and GL, which effectively prevents the reduction in forestland and grassland. From 2005
to 2010, urbanization replaced a large amount of forestland, which led to the continuous
reduction in FL and the continuous increase in CL. In terms of the spatial scale, AL, CL,
and WA were mainly concentrated in a smaller buffer scale, while FL and GL were mainly
concentrated in a larger buffer scale and even concentrated in the watershed scale. This
may be because areas with small buffer zones are close to water sources and have sufficient
water resources, which is conducive to economic and social development. At the same
time, the soil near the river bank has high fertility and high productivity of vegetation,
making it the first choice for residents to reclaim cultivated land.

In this paper, the relationship between water quality and land use is studied to reveal
the relationship between them. Many previous studies have pointed out that vegetated
areas make a positive contribution to water quality, whereas agricultural and built-up land
uses make a negative contribution to water quality [26,28,43,44]. Our results are similar
to those of previous studies. AL and CL are often associated with severe deterioration of
surface water quality due to the discharge of household and industrial wastewater, livestock
wastewater, rainstorm runoff, etc. [24]. CL can reflect human activities that produce a
large amount of living and industrial wastewater, which flows into rivers with rainwater
and runoff and affects the water quality of rivers. Agricultural production requires the
application of large amounts of nitrogen fertilizer. Although nitrogen fertilizer can increase



Remote Sens. 2021, 13, 3309 23 of 27

agricultural output, excessive application causes excess nitrogen and phosphorus elements
to enter the water environment and cause water pollution [16]. Vegetated areas, including
FL and GL, make a positive contribution to water quality, suggesting the fixation and
absorption effects of pollutants and reducing the pollutants transported to the river through
surface runoff [45].

Seasonal precipitation can affect water quality through flushing and dilution, leading
to seasonal variations in pollutants [46]. During the wet season, NH3-N and CODMn are
easier to diffuse due to the flushing effect in less urbanized areas [47], which can explain
the result that AL is more influential in the wet season. Moreover, due to unreasonable
fertilization and irrigation before the wet season, AL also produces more pollution load
during the wet season [48]. However, CL acts as a proxy for a point source, pollutants
are mainly transported through pipes, and rainwater and runoff on the land surface do
not diffuse pollution [49]. The main pollutant comes from domestic sewage, which is
diluted during the wet season, thus reducing the impact of CL on water quality [50]. It
can also be seen from our results that the correlation of CL with NH3-N and CODMn is
mostly reflected in the characteristic of being higher in the dry season and lower in the
wet season, which proves the rationality of our results. Previous studies have proved
that the concentration of DO is higher at lower temperature [51]. In the wet season, not
only does high temperature affect the concentration of DO but also more precipitation
dilutes the concentration of DO, and the pollutants produced by Al and CL are more
likely to lead to water eutrophication [52,53]. This can be reflected from the result that
the effects of Al and CL on DO in the wet season are significantly greater than that in
the dry season. Through multi-temporal and spatial scale studies, this paper found that
the impact of land use on water quality is scale dependent, which has been confirmed
in previous studies [13,23]. However, the opinions are contradictory. On the one hand,
some scholars believe that the watershed scale can better explain the relationship between
land use and water quality [9,54]. On the other hand, some scholars believe that the
closer the land to the river bank, the higher the correlation between land use and water
quality [55,56]. The research results of different land use types over many years show that
the optimal research scales are different for different land use types, different spatial scales,
and different seasons.

On the spatial scale, the correlation between CODMn and land use is larger than that
between NH3-N and land use in larger buffer zones, indicating that CODMn can affect
water quality in a wider range than NH3-N. The correlation between CL and CODMn
increases with the increase in the buffer. This is mainly because urban drainage is usually
directly discharged into sewage facilities and can be transported into rivers through long-
distance transportation [24]. While the correlation between AL and CODMn does not
increase continuously, it is also maintained at a high level in a large buffer. The reason may
be that NH3-N is more prone to retention in the soil [57], resulting in weaker migration
of NH3-N than that of CODMn. This also explains why the correlation between AL and
NH3-N decreases with the increase in the buffer.

To further reveal the legitimacy of our findings, we refer to Şandric et al.’s work [9],
who classified and scored the threat levels of different land uses for water quality. Ac-
cording to our result, under the best buffer, the grid values of each land use are replaced
by scores and the weighted average is calculated to a value Q, which can represent the
threat level of land use. We divided the scores of each land use of DO and CODMn into
the following: CL is a great threat (score 5), AL is a certain threat (score 3), WA is a minor
threat (score 1), and FL and GL are no threat (score 0). The land use levels of NH3-N were
divided into AL (score 5), CL (score 3), WA (score 1), and FL and GL (score 0) according to
the results of the correlation between water quality and land use. We drew a scatter plot for
comparison between the calculated Q-value and each water quality index and calculated
each Spearman correlation coefficient, as shown in Figure 14 and Table 5. From the scatter
diagram, it can be seen that the R-value has a good fitting effect with water quality, and the
effect of CODMn is the best. It can also be seen from the table that p-values are less than
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0.01, indicating that the R-value has an obvious correlation with water quality, and the
correlation of CODMn has reached more than 0.7. This result proves that it is reasonable for
us to use the optimal buffer zone to identify the relationship between land use and water
quality, and the results are persuasive.

Figure 14. Scatter plot of DO (a), CODMn (b), NH3-N (c) concentration, and Q-value. The red line
is a linear fitting line. The dark-red shaded area is the 95% confidence interval, and the light-red
shaded area is the 95% prediction interval.

Table 5. Relation between Q-value and water quality indexes.

Water Quality Indexes Spearman R p-Value

DO −0.44 <0.01
CODMn 0.73 <0.01
NH3-N 0.46 <0.01

Through the above comprehensive analysis, we get some useful conclusions. How-
ever, there are many factors affecting water quality, and other factors, such as slope and
socio-economic factors, also affect water quality [58,59]. Per the conclusion of this paper,
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if the best buffer zone can be combined under different topographic conditions and in-
tegrated into different socio-economic scenarios, it may provide a better water quality
assessment effect.

5. Conclusions

This paper discusses the changes in water quality and land use in the Yangtze River
basin and discusses the relationship between water quality and land use from multiple
temporal and spatial perspectives. The results show that all kinds of water quality mainly
show up and down fluctuations or obvious downward trends, but different water quality
categories in different regions reflect different trends. Water quality pollutants in tributaries
are significantly higher than those in the main stream, and the concentration of pollutants
increases with the decrease in the distance from the estuary. CL and AL have a negative
effect on water quality, while FL and GL have a purifying effect on water quality. In
particular, AL and CL have a significant positive correlation with pollutants in water.
Moreover, their correlations have obvious seasonal differences, which mainly show that
Al has a great impact on pollutants in the wet season, while CL has a great impact on
pollutants in the dry season. Meanwhile, the correlation between different land use types
and water quality is different at different spatial scales, showing that land use affects
CODMn on a larger scale and NH3-N on a smaller scale. This multi-scale spatio-temporal
relationship between land use and water quality proves that the treatment of different
pollutants should be carried out at different spatial and temporal scales of land planning.
An understanding of the relationship between land use and water quality can improve
science and land use policies, leading to better management of land use, and is important
for the sustainable development of water ecosystems.
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