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Abstract: Most worldwide industrial wastewater, including in China, is still directly discharged
to aquatic environments without adequate treatment. Because of a lack of data and few methods,
the relationships between pollutants discharged in wastewater and those in surface water have not
been fully revealed and unsupervised machine learning techniques, such as clustering algorithms,
have been neglected in related research fields. In this study, real-time monitoring data for chemical
oxygen demand (COD), ammonia nitrogen (NH3-N), pH, and dissolved oxygen in the wastewater
discharged from 2213 factories and in the surface water at 18 monitoring sections (sites) in 7
administrative regions in the Yangtze River Basin from 2016 to 2017 were collected and analyzed by
the partitioning around medoids (PAM) and expectation–maximization (EM) clustering algorithms,
Welch t-test, Wilcoxon test, and Spearman correlation. The results showed that compared with
the spatial cluster comprising unpolluted sites, the spatial cluster comprised heavily polluted
sites where more wastewater was discharged had relatively high COD (>100 mg L−1) and NH3-N
(>6 mg L−1) concentrations and relatively low pH (<6) from 15 industrial classes that respected the
different discharge limits outlined in the pollutant discharge standards. The results also showed
that the economic activities generating wastewater and the geographical distribution of the heavily
polluted wastewater changed from 2016 to 2017, such that the concentration ranges of pollutants in
discharges widened and the contributions from some emerging enterprises became more important.
The correlations between the quality of the wastewater and the surface water strengthened as the
whole-year data sets were reduced to the heavily polluted periods by the EM clustering and water
quality evaluation. This study demonstrates how unsupervised machine learning algorithms play
an objective and effective role in data mining real-time monitoring information and highlighting
spatio–temporal relationships between pollutants in wastewater discharges and surface water to
support scientific water resource management.

Keywords: partitioning around medoids clustering algorithm; expectation–maximization clustering
algorithm; point pollution sources; sewage outlets; real-time monitoring data; correlation relationship

1. Introduction

Except in the most highly developed countries, most worldwide wastewater is treated inadequately
before being released to the environment, with negative consequences for human health, economic
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productivity, the quality of freshwater resources, and ecosystems. In many cases, a large volume of
the wastewater that is legally discharged to decaying and/or poorly-maintained sewerage networks,
both combined and separate, never actually reaches a treatment plant. Much is lost en route because of
broken pipes, or ends up in surface water drains, and may pollute watercourses [1]. In China, factories
prefer to be located beside rivers so that they have easy access to water and the generated wastewater
can be easily discharged to the water environment, mostly without adequate treatment. For example,
more than 400,000 chemical enterprises, nearly half of the country’s total, are located along the middle
and lower reaches of the Yangtze River [2]. In 2014, China implemented a national strategy to develop
the Yangtze River Economic Belt, which accounts for more than 40% of both the national population
and GDP and stretches from Yunnan Province in the southwest of China to Shanghai in the east,
to boost development in riverside regions and provide new stimuli for China’s slowing economy
and, at the same time, to restore and protect the environment [2,3]. Based on the assumption that the
enterprises along the river are a major source of pollution, the strategy required that, to protect the river
environment, all the petrochemical enterprises and sewage outlets in environmentally-sensitive areas
along the Yangtze River should be closed by the end of June 2018 and that all illegal petrochemical
enterprises that had high pollutant emissions and were within a 1-km radius of the Yangtze River
should be closed by the end of 2018 [4]. Because of a lack of data and few methods, however, there is
no clear picture of how much these enterprises contributed to the river pollution or about how the
pollutants in wastewater discharges from specific economic activities are related to the surface water
quality in the same region.

Traditionally, when modelling water environments, urban water systems and river basins have
been treated separately [5], and factory wastewater has generally been considered in urban systems and
not in rural river basins [6]. Because of a lack of spatial and temporal data, the relationships between
point and non-point pollutant sources and water quality have only been studied at the microscale in
the past [7,8]. Luckily, at present, more data are available and data-driven approaches and statistical
(or numerical) models are now playing an increasingly important role in water management, so that
environmental decision support systems (EDSSs) are more reliable and are capable of coping with
real-world environmental systems [9–11]. Numerous researchers have analyzed real-time data to
support the management of urban water and water supplies in developed countries [12–15], but this
approach has not often been used to manage large rural watersheds or wastewater [16,17].

Clustering algorithms, as established unsupervised machine learning models, have been used
to analyze data from a wide range of disciplines, such as gene expression data in biology and stock
market financial data [18,19], yet have been rarely applied to the water environment due to the lack of
data [11,20–23]. The partition-based, hierarchical, and density-based algorithms are all popular spatial
clustering methods [24]. From the partition-based spatial clustering algorithms, the partitioning around
medoids (PAM) algorithm uses a greedy search, which is faster than an exhaustive search, and is more
robust to noise and outliers than k-Means because it minimizes a sum of pairwise dissimilarities instead
of the sum of squared Euclidean distances. Therefore, PAM is an ideal spatial clustering technique for
geographical data mining [25]. The expectation–maximization (EM) and k-means algorithms belong to
the top 10 data mining algorithms identified by the IEEE International Conference on Data Mining
(ICDM) in December 2006 [26] and have been increasingly popular in machine learning [27]. As the
k-means algorithm has limitations, including that it will falter whenever the data is not well described
by reasonably separated spherical balls and it has difficulties in handling noisy data, or outliers [21,26],
the k-means algorithm seems ill suited to research on environmental pollution with abnormally high
concentrations of pollutants, which might be highly informative outliers. Moreover, the EM algorithm
assigns each data object to a cluster according to the mean of the feature values in that cluster. Its steps
of calculation and assignment repeat iteratively until the objective function obtains the required
precision [28]. Low-dimensional data can be analyzed successfully with the EM clustering algorithm,
and this approach is particularly useful when the only data available for training a probabilistic model
are incomplete [11,18,28,29]. Therefore, the EM algorithm, as an improvement of k-means, is an ideal
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unsupervised machine learning method for clustering pollution conditions [30,31] and has been proven
as objective and efficient in evaluating surface water quality of the Yangtze river in China in our earlier
study [11]. Wastewater generating factories are important potential pollution point sources of surface
water in rivers and their effects on bad surface water quality need further study. To our knowledge,
however, these source–sink relationship studies on water environment management in large river
basins have not been studied by using unsupervised machine learning techniques yet.

In this study, real-time monitoring data for COD, NH3-N, and pH in wastewater discharges from
seven administrative regions (ARs, they are provinces or municipalities of China) in the Yangtze River
Basin (YRB); geographical and administrative data; information about the wastewater-generating
factories in the Yangtze River Basin (YRB); and real-time data for COD, NH3-N, pH, and DO from
18 surface water sections (sites) in the YRB that are part of the national monitoring program were
obtained for 2016 and 2017. The PAM and EM clustering algorithms were used to (a) spatially divide
the YRB wastewater-generating factories and YRB monitoring sites, (b) identify sites in the YRB that
were heavily polluted and unpolluted and examine the differences in sources of pollutants at these
sites, (c) identify heavily polluted and unpolluted wastewater and economic activities in the YRB,
and (d) explore the spatio–temporal characteristics of pollutants in industrial discharges and surface
water. The aims of the study were to develop unsupervised machine learning techniques and numeric
methods that could be applied to real-time data about wastewater and the water environment to
determine how industrial point sources influence surface water in the same region and to support and
improve water resource management to be more objective and reliable.

2. Material and Methods

2.1. Study Area, Monitoring Surface Water Sites, and Monitored Sewage Outlets

The Yangtze River, which is 6380 km long, is the longest river in Asia and the third-longest in the
world. The river flows entirely within one country, drains one-fifth of the land area of the People’s
Republic of China, and its river basin is home to nearly one-third of the country’s population [32,33].
There are 21 surface water sections (sites) that are part of a national monitoring program with
real-time monitoring data in the Yangtze River Basin (YRB), but only 18 sites are located in the 7
ARs—Sichuan Province (SC), Chongqing Municipality (CQ), Hunan Province (HuN), Hubei Province
(HB), Henan Province (HeN), Anhui Province (AH), and Jiangsu Province (JS)—that published
monitoring data of pollutants in wastewater discharges from sewage outlets of industrial factories
online in 2016 and 2017 (Figure 1, Table S1). Therefore, the 7 ARs were chosen to study their wastewater
generating factories where the Yangtze River mainly goes through. In 2016 and 2017, there were 2386
monitored sewage outlets from the 2213 factories (some wastewater-generating factories each had
more than one sewage outlet) of the 7 ARs with monitoring wastewater discharge data published
online (Figure 1, Table S1). The sewage outlets and their factories were called the YRB sewage outlets
and the YRB wastewater-generating factories separately for succinct expression with their incomplete
river basin information. These factories were the key pollution sources as part of a national monitoring
network according to their big wastewater discharge loads above the limit of 500 thousand ton year−1

in the screening principles released by the State Environmental Protection Administration, China’s top
environmental watchdog [34].
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administrative regions (ARs) in the Yangtze River Basin YRB (YRB) in 2016 and 2017. 

2.2. Wastewater-Generating Economic Activities in the YRB in 2016 and 2017 

Chinese economic activities are classified using the “Industrial classification for national 
economic activities in China” (No. GB/T 4754-2017, the IC document) [35]. This IC document 
corresponds with the UN International standard industrial classification of all economic activities 
(the ISIC document) [36]. The IC and the ISIC documents classify economic data according to the 
type of activity carried out by an economic unit and define an industry as a set of production units 
engaged primarily in the same or similar productive economic activities. Their classifications mainly 
facilitate the collection and reporting of statistics about industrial activities in different categories. 
There were 2213 factories belonging to 41 industrial classes in the IC document and wastewater 
discharge data was published online from the 6 YRB ARs (CQ, HuN, HB, HeN, AH and JS) in 2016 
(1700 factories) and from the 7 YRB ARs, including SC, in 2017 (2178 factories) (Figure S1, Table S2). 

2.3. Monitoring Methods and Data Sources 

Monitoring stations with automatic analyzers that provide real-time water quality data have 
been established across China in recent years to support watershed management and help control 
pollutant discharges [37,38]. The real-time data generally comprise four indicators of water quality, 
namely pH, dissolved oxygen (DO), permanganate index for chemical oxygen demand (CODMn), 
and ammonia nitrogen (NH3-N), and other parameters are not included in the real-time data sets 
published online. Real-time data about the sources of pollutant discharges are released on internet 
platforms, which means that regulations are enforced transparently [34]. Data for water quality 
indicators, such as chemical oxygen demand (COD determined by the potassium dichromate 
method, also called CODCr), NH3-N, pH, and other industry-specific pollutants, are monitored 
automatically by companies that generate wastewater and have been increasingly published online 
since 2015 in China. Only COD, NH3-N, and pH are monitored in real time in all economic activities. 

For surface water at the YRB sites, the monitoring data of COD (CODMn), NH3-N, DO, and pH 
were collected from the weekly reports on the automatic monitoring data of national water quality 
published online (http://www.cnemc.cn/sssj/szzdjczb/) and the real-time data were collected from 
the online open system of real-time automatic monitoring data of national surface water quality 
(http://123.127.175.45:8082/) [39,40]. The monitoring frequency of one real-time sample was four 
hours. 

Figure 1. The 18 surface water sites that were part of the national monitoring program and the 2386
sewage outlets from the 2213 factories that were part of the national monitoring network in the 7
administrative regions (ARs) in the Yangtze River Basin YRB (YRB) in 2016 and 2017.

2.2. Wastewater-Generating Economic Activities in the YRB in 2016 and 2017

Chinese economic activities are classified using the “Industrial classification for national economic
activities in China” (No. GB/T 4754-2017, the IC document) [35]. This IC document corresponds with the
UN International standard industrial classification of all economic activities (the ISIC document) [36].
The IC and the ISIC documents classify economic data according to the type of activity carried out
by an economic unit and define an industry as a set of production units engaged primarily in the
same or similar productive economic activities. Their classifications mainly facilitate the collection
and reporting of statistics about industrial activities in different categories. There were 2213 factories
belonging to 41 industrial classes in the IC document and wastewater discharge data was published
online from the 6 YRB ARs (CQ, HuN, HB, HeN, AH and JS) in 2016 (1700 factories) and from the 7
YRB ARs, including SC, in 2017 (2178 factories) (Figure S1, Table S2).

2.3. Monitoring Methods and Data Sources

Monitoring stations with automatic analyzers that provide real-time water quality data have
been established across China in recent years to support watershed management and help control
pollutant discharges [37,38]. The real-time data generally comprise four indicators of water quality,
namely pH, dissolved oxygen (DO), permanganate index for chemical oxygen demand (CODMn),
and ammonia nitrogen (NH3-N), and other parameters are not included in the real-time data sets
published online. Real-time data about the sources of pollutant discharges are released on internet
platforms, which means that regulations are enforced transparently [34]. Data for water quality
indicators, such as chemical oxygen demand (COD determined by the potassium dichromate method,
also called CODCr), NH3-N, pH, and other industry-specific pollutants, are monitored automatically
by companies that generate wastewater and have been increasingly published online since 2015 in
China. Only COD, NH3-N, and pH are monitored in real time in all economic activities.

For surface water at the YRB sites, the monitoring data of COD (CODMn), NH3-N, DO, and pH
were collected from the weekly reports on the automatic monitoring data of national water quality
published online (http://www.cnemc.cn/sssj/szzdjczb/) and the real-time data were collected from
the online open system of real-time automatic monitoring data of national surface water quality
(http://123.127.175.45:8082/) [39,40]. The monitoring frequency of one real-time sample was four hours.

http://www.cnemc.cn/sssj/szzdjczb/
http://123.127.175.45:8082/
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For wastewater discharged from the YRB sewage outlets, the monitoring data of COD
(CODCr), NH3-N, and pH and the geographical, administrative, and industrial information of their
wastewater-generating factories were collected from online open monitoring information planforms of
the specially monitored enterprises of the 7 ARs. The monitoring data publishing frequencies of one
sample included one or more times per two hours, one or more times per day, one or more times per
week, and one or more times per month.

2.4. Models and Algorithms

2.4.1. Clustering Algorithms

The partitioning around medoids (PAM) clustering algorithm, also simply referred to as k-medoids,
is the most common realization of k-medoid clustering [41]. The k-medoids clustering is very similar
to k-means, and the major difference between them is that while a cluster is represented with its center
in the k-means algorithm, it is represented with the object closest to the center of the cluster in the
k-medoids clustering. The k-medoids clustering is more robust than k-means in the presence of outliers.
To deal with the high run time cost of PAM, the CLARA algorithm (Clustering large applications) is
used to enhance PAM by drawing multiple samples of data, applying PAM on each sample, and then
returning the best clustering [41,42]. This enhanced PAM method was used to classify the spatial
distribution of sites and wastewater-generating factories as point sources with their latitudes and
longitudes as input data. The number of clusters was estimated by the optimum average silhouette
width (asw) [43].

The expectation–maximization (EM) clustering algorithm is an iterative method to find the
maximum likelihood or maximum a posteriori (MAP) estimates of parameters in statistical models
depending on the unobserved latent variables [29]. An integrated approach to finite Gaussian mixture
modelling (GMM) [44], with functions that combine model-based hierarchical clustering, the EM
algorithm for mixture estimation, and several tools for model selection (EM clustering for short),
was used and proposed by different names based on different input data sets in this study (Table S3).
The GMM assumes a (multivariate) Gaussian distribution for each component, i.e., fk(x; θk) ∼N(µk,
Σk). Thus, clusters are ellipsoidal, centered at the mean vector, µk, and with other geometric features,
such as volume, shape, and orientation, determined by the covariance matrix, Σk. Parsimonious
parameterizations of the covariance matrices can be obtained by means of an Eigen-decomposition of
the form, Σk = λkDkAkDk

T, where λk is a scalar controlling the volume of the ellipsoid, Ak is a diagonal
matrix specifying the shape of the density contours with det(Ak) = 1, and Dk is an orthogonal matrix
which determines the orientation of the corresponding ellipsoid. In the multivariate setting, the volume,
shape, and orientation of the covariances can be constrained to be equal or variable across groups.
Thus, 18 possible models with different geometric characteristics can be specified. The Bayesian
information criterion (BIC) was selected as the model identification criteria [44]. The Mclust model
with the covariance parameterization and a specific number (k) of mixing components which had
the highest BIC value was identified as the best EM model and the k value was identified as the best
number of clusters (Table S3). The YRB sites were clustered based on the yearly means of COD, NH3-N,
pH, and DO in surface water in 2016 (EM_SA Method) and 2017 (EM_SB Method). The EM_SA Method
was the same as the EM_Y Method in our previous study [11]. The YRB sewage outlets were clustered
based on the yearly means of COD, NH3-N, and pH in wastewater discharges and the EM models
used were named EM_A Method (COD, NH3-N, and pH data in 2016 were input), EM_B Method
(COD and NH3-N data in 2016 were input), EM_C Method (COD, NH3-N, and pH data in 2017 were
input), or EM_D Method (COD and NH3-N data in 2017 were input). Wastewater discharge weeks
were also clustered based on weekly means of COD, NH3-N, and pH in wastewater in a specific cluster
of sewage outlets from the clustering results above-mentioned and it was named the EM_E Method for
the 2016 data and named the EM_F Method for the 2017 data. The monitoring weeks of surface water
quality at a specific YRB site was lastly clustered based on weekly means of COD, NH3-N, and DO in
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the surface water and it was named the EM_SC Method for the 2016 data and the EM_SD Method for
the 2017 data.

2.4.2. Significance Tests with Confidence Intervals

As nonparametric statistical methods, the Student’s t-test with the Welch approximation to the
degrees of freedom to estimate the variance (Welch t-test) and Wilcoxon rank sum and signed rank test
(Wilcoxon test, also known as the Mann–Whitney test) are robust two-sample tests for general data sets,
including data sets with unequal sample sizes and nonhomogeneity of variances [45]. Considering
the data sets in our study had unequal sample sizes and nonhomogeneity of variances, the Welch
t-test and Wilcoxon test were separately performed to test the difference significance between annual
pollutant means and medians in the wastewater discharged from all the YRB sewage outlets and in the
surface water at the 18 YRB sites in 2016 and 2017 in different clusters and to evaluate the clustering
results. Our null hypothesis is that the annual means or medians of pollutants in different clusters
are statistically equal. Confidence intervals of the Welch t-test and Wilcoxon test were offered for
more information.

2.4.3. Correlation Analyses

Considering that the data sets in our study did not statistically obey normal distribution by the
normal distribution test, correlation analyses between the daily means of the four monitoring indicators
in surface water and wastewater were performed by the Spearman correlation to study their temporal
relationships. Significance levels were reported as non-significant (p > 0.05) and significant (p < 0.05).

2.4.4. Software Application

The models and algorithms above were done and visualized and standard deviations (SDs) and
coefficient of variation (CVs) were calculated by the Microsoft Excel 2016 and the RStudio (Version
1.0.153 with R 3.4.1, RStudio, Boston, MA, USA) and the geographical distributions were visualized by
the ArcMap 10.2.2 (Esri, Redlands, CA, USA).

3. Results and Discussion

3.1. Spatial Zoning of the Wastewater-Generating Factories and the Surface Water Sites in the YRB Using the
PAM Clustering

The 18 surface water quality sites and the 2213 wastewater-generating factories (occupying 2386
monitored sewage outlets) in the YRB were classified spatially into four PAM clusters (Figure 2,
Table S4), based on their latitudes and longitudes and the number of clusters estimated by the optimum
average silhouette width (asw = 0.6154, Table S3). Wastewater-generating factories and surface water
sites in SC, CQ, HuN, HeN, AH, and JS ARs were mainly in the same spatial PAM clusters; HB was
split between two PAM clusters, with 302 factories and 2 sites (HB1 and HB3) in PAM2 and 20 factories
and 1 site (HB2) in PAM3 (Table S4). The spatial clusters were generally consistent with the provincial
boundaries. Apart from the HuB2 site and several factories in AH, HB, and JS, surface water sections
and wastewater-generating factories in the same AR were generally clustered in the same PAM cluster.
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Figure 2. Spatial partitioning around medoids (PAM) clustering of the 18 surface water sites and the
2213 wastewater-generating factories (also their 2386 monitored sewage outlets) in the Yangtze River
Basin in 2016 and 2017.

The latitudes and longitudes of the YRB surface water sites and YRB wastewater discharges
were also clustered by hierarchical and DBSCAN (Density-based spatial clustering of applications
with noise) algorithms besides the PAM method. The results showed that only the PAM method
returned with consistent clusters and was proven to be a robust spatial clustering method for a huge
dataset. The PAM clustering has also been researched as a robust method before and compared
with other spatial clustering methods, such as k-means and DBSCAN [46]. Sewage outlets from
all wastewater-generating factories through the whole administrative region of each province or
municipality in the YRB were considered together, because the information published online about
river basins and wastewater discharge regulations was either limited or unclear (see online open
monitoring information platforms of the specially monitored enterprises of the 7 ARs). Factories
that discharge wastewater are supervised together at the provincial level in China and wastewater
discharged within a specific province needs to be analyzed together, regardless of whether it is clearly
indicated in the YRB or not. Therefore, the PAM clustering, as a robust spatial clustering algorithm for
big data, provides an objective method for spatial zoning the source-sink of pollutants in the water
system of a large river basin under unsupervised conditions. The pollutant concentrations and water
quality of the wastewater discharged and surface water in the same or different spatial PAM clusters
were compared and the spatial distributions of heavily polluted wastewater discharges and surface
water monitoring sites were also examined below.

3.2. Identification of Heavily Polluted and Unpolluted Wastewater and Surface Water in the YRB Using
EM Clustering

3.2.1. Identification of Heavily Polluted and Unpolluted Surface Water Sections in the YRB Using EM
Clustering and Weekly Water Quality Data

Using the yearly means of COD, NH3-N, DO, and pH for 2016 (Figure 3A,B, Table S5), the 18 sites
were classified into 5 EM algorithm classes, namely EM1, EM2, EM3, EM4, and EM5, by the Mclust EEV
(ellipsoidal, equal volume, and shape) model (EM_SA, Table S3). Class EM_SA_1 contained sites that
had relatively low annual average concentrations of NH3-N and relatively high annual average DO
concentrations, including SC5, HB2, HeN1, and JS2. Class EM_SA_5 comprised sites that had relatively
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high annual averages of NH3-N and relatively low annual averages of DO, including SC2, HuN2,
HuN3, and HuN4. Using the yearly means of the four monitoring indicators in 2017 (Figure 3C,D,
Table S5), the 18 sites were classified into two EM algorithm classes, EM1 and EM2, by Mclust EEV
(EM_SB, Table S3). Class EM_SB_2 included HuN1 and HuN3 and had relatively high annual average
COD and NH3-N concentrations and relatively low annual average DO concentrations.
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Figure 3. Classification of the 18 YRB surface water sites in 2016 (A,B) and 2017 (C,D) by
expectation–maximization (EM) clustering based on the yearly means (Y_means) of chemical oxygen
demand (COD), ammonia nitrogen (NH3-N), pH, and DO. Data distribution (A,C) and geographical
distribution (B,D). (The different shapes and colors in Figure 3A,C and diamonds, x crosses, crosses,
triangles, and circles in Figure 3B,D indicate different EM clusters.).

Some HuN sites belonged to the same spatial PAM cluster (PAM2) and the same EM cluster (EM5
in 2016 and EM2 in 2017) and had relatively low unpolluted weekly percentages. The HB2 and HeN1
sites belonged to the same spatial PAM cluster (PAM3) and the same EM cluster (EM1 in 2016 and 2017)
and had weeks that were 100% unpolluted in both 2016 and 2017. Therefore, the HuN3 site, which had
relatively poor water quality in both 2016 and 2017, was identified as heavily polluted (the HPS site)
and HuB2 and HeN1, with relatively good water quality, were identified as unpolluted (the UPS sites).
The HuB2 and HeN1 sites are in Danjiangkou Reservoir (Table S1), which is the main water source of
the middle route of the South-to-North Water Diversion Project (MR-SNWDP) and supplies water to
Beijing, Tianjin, and more than 130 other cities in northern China. Therefore, the water quality in the
Danjiangkou Reservoir is extremely important for the safety of the drinking water in those cities [47].
The surface water quality was good through 2016 and 2017, thanks to the increased attention given to
environment protection since around 2014 [48,49].

Similarly, results from hierarchical clustering with the Ward.D method (Figure S2) showed that
the HuN3 site was clustered in heavily polluted sites and HuB2 and HeN1 were clustered in the
unpolluted sites. The water quality assessments also showed that HuN had more sites and weeks with
polluted water quality (lower than the national polluted standard limits [11]) than the other ARs both
in 2016 and 2017 (the lowest unpolluted week percentages were 75.5% at the HuN4 site in 2016 and
90.6% at the HuN3 site in 2017) and the HuB2 and HeN1 sites had no polluted weeks either in 2016 or
2017 (Figure S3, Table S5). Therefore, it is reasonable to identify HuN3 as the heavily polluted site
and HuB2 and HeN1 as unpolluted sites. Overall, the EM clustering (combine the EM algorithm with
model-based hierarchical clustering) plays an efficient role in water quality classifications and pollution
identification under unsupervised conditions, offers a good clustering choice in the visualization
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and understanding of the pollution distribution of surface water, and gives a feasible replacement of
k-means [21], which has also been proven as efficient before [11].

3.2.2. Identification of Heavily Polluted and Unpolluted Wastewater Discharges in the YRB Using
EM Clustering

The EM_A method classified the YRB sewage outlets into six clusters, EM1 to EM6, based on the
yearly means of COD, NH3-N, and pH in the wastewater discharges in 2016 by Mclust VVI (diagonal,
varying volume, and shape) model (Figure 4A, Table S3). Cluster EM_A_1 represented the sewage
outlets with high COD (with median values exceeding 100 mg L−1, the same below) and NH3-N
(greater than 6 mg L−1) concentrations while Cluster EM_A_2 represented those with pH values
below 6 or greater than 9. The EM_B method classified the sewage outlets into eight clusters, EM1 to
EM8, based on the yearly means of COD and NH3-N in 2016 by the Mclust VVI model (Figure 4B,
Table S3). Cluster EM_B_8 represented the outlets with high COD (greater than 170 mg L−1) and
NH3-N (greater than 8 mg L−1) concentrations and cluster EM_B_4 represented those with high NH3-N
concentrations (greater than 8 mg L−1). The EM_C method classified the sewage outlets into eight
clusters in 2017 by the Mclust VVI model (Figure 4C, Table S3). Cluster EM_C_7 represented the outlets
with COD concentrations greater than 150 mg L−1 and NH3-N concentrations greater than 9 mg L−1

and cluster EM2 represented those with pH values below 6 or over 9. The EM_D method classified
the sewage outlets into seven clusters in 2017 by the Mclust VVI model (Figure 4D, Table S3). Cluster
EM_D_3 represented the sewage outlets with COD concentrations greater than 140 mg L−1 and NH3-N
concentrations greater than 9 mg L−1 and cluster EM6 represented those with COD concentrations
greater than 100 mg L−1.
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Figure 4. Data distribution vs. classifications of the YRB sewage outlets using EM clustering and the
yearly means of COD, NH3-N, and pH in wastewater discharged in 2016 (A: the EM_A method and B:
the EM_B method) and 2017 (C: the EM_C method and D: the EM_D method) (different shapes and
colors indicate different EM clusters).

The results showed that EM clustering successfully separated wastewater discharges with
relatively high values of COD and NH3-N or abnormal pH (<6 or >9) from the ones with relatively low
values of COD and NH3-N and normal pH (6–9). Of the sewage outlets, 9.8%, 1.7%, 3.4%, and 4.7%
were in clusters EM_A_1, EM_A_2, EM_B_4, and EM_B_8 in 2016 while 4.9%, 5.1%, and 3.4% were in
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clusters EM_C_7, EM_D_3, and EM_D_6 in 2017, respectively (Table S6). The wastewater discharged
from these outlets was identified as heavily polluted (the HPW clusters) and had relatively high
annual mean COD (clusters EM_A_1, EM_B_8, EM_C_7, EM_D_3, and EM_D_6) and NH3-N (clusters
EM_A_1, EM_B_4, EM_B_8, EM_C_7, and EM_D_3) concentrations and posed the highest pollution
risk to the nearby water environment (Figure 4). In total, 20.2%, 25.8% 16.4%, and 25.3% of the sewage
outlets in clusters EM_A_6, EM_B_1, EM_C_5, and EM_D_1, respectively (Table S6). The wastewater
discharged from these outlets had relatively low yearly mean COD and NH3-N concentrations and
was considered unpolluted wastewater (the UPW clusters) with the least pollution risk to the water
environment (Figure 4).

Input variables have impacts on the clustering results and many researchers have used different
methods to check to what extent clusterings were dominated by certain (continuous, ordinal, or nominal)
variables [43]. Therefore, the three monitoring indicator variables of COD, NH3-N, and pH and the
two monitoring indicator variables of COD and NH3-N were both chosen as input data of the EM
clustering algorithms and the results were assembled to identify the heavily polluted wastewater
discharges, in case of a pH impact on the clustering. There were many fewer outlets in the EM_A and
EM_C clusters, based on three monitoring indicators (COD, NH3-N, and pH), than in the EM_B and
EM_D clusters, based on two monitoring indicators (COD and NH3-N), because there were no data
monitored or published online about the pH of the wastewater discharged from 56.8% to 58.4% of
the YRB sewage outlets (Table S6, see online open monitoring information planforms of the specially
monitored enterprises of the seven ARs).

These sewage outlets were clustered without considering discharge loads, industrial permits for
the related effluent standards, or information about whether the wastewater went to public sewers
or directly to the environment. However, the EM clustering results based on only the pollutant
concentrations in wastewater can still indicate the degree of pollution risk of the wastewater discharges.
Because the wastewater discharges considered in this study came from economic activities that are
published online and are enforced by the Chinese government, their discharge capacities are considered
to contribute most to the pollution risk out of all the wastewater-generating economic activities [34].
Moreover, 61.9% of industrial wastewater is not treated to safe levels in China and this poorly-treated
wastewater may directly contribute to the surface water pollution. Its contribution to the pollution can
be calculated using a flow-weighted average from the industries who meet their permits divided by the
total flow excluding direct discharges to the environment [50]. Therefore, the pollutant concentrations
in wastewater discharged from all economic activities and all sewage outlets should be analyzed
together. Overall, the EM clustering applied in surface water quality evaluation can also provide
an efficient and objective method in heavily polluted wastewater identification under unsupervised
conditions. The economic activities generating these heavily polluted wastewater were explored and
compared with the ones generating unpolluted wastewater below.

3.2.3. Analyses of Heavily Polluted and Unpolluted Economic Activities in the YRB

All economic activities in the UPW_2017 cluster were in other clusters in the meantime (Figure 5).
Industry FM (manufacture of furniture) only appeared in the UPW_2016 cluster with only one JS
factory. Industry WBRPS (wood processing and products of wood, bamboo, rattan, palm, and straw)
only appeared in HPW_2016 with only one HB factory and industry CFM (manufacture of chemical
fibers) only appeared in HPW_2017 with three factories in the provinces of AH and HeN. Industries
MBNFMO (mining and beneficiation of non-ferrous metal ores) and SCPNFM (smelting, calendaring,
and processing of non-ferrous metals) both appeared in clusters UPW_2016 and UPW_2017. Industries
EPHGS (electric power and heat generation and supply) and CMW (coal mining and washing) belonged
to the HPW cluster in 2016 and turned into the UPW cluster in 2017, indicating less polluted risk.
Industries EMEM (manufacture of electrical machinery and equipment) and OSA (other service
activities) belonged to UPW in 2016 and turned into HPW in 2017, indicating more polluted risk.
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wastewater-generating factory clusters calculated with different clustering algorithms in 2016 (A)
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number of industrial classes in each cluster. In tables, the acronyms represent the industrial class names
and the numbers represent the number of factories in each industry in each cluster. The superscript U

represents the number of factories in the UPW (unpolluted wastewater) clusters and the superscript *
represents the number of factories in the 2017 clusters).

The industrial classes, namely CCPM (manufacture of chemicals and chemical products, I_26),
WPS (water production and supply, I_46), and TI (textile industry, I_17), had the most sewage outlets
in the HPW clusters in both 2016 and 2017, and they belonged to divisions 20, 36, 37, and 13 of the ISIC
document, respectively (Table S7). The three industrial classes were included in the top 10 industrial
classes ranking the numbers of factories in each industry (Figure S1, Table S2). The WPS factories
appeared in both the HPW and UPW clusters. The concentration ranges of the pollutants in their
wastewater discharges were large (COD: 5.1–215.1 mg L−1; NH3-N: 0.1–26 mg L−1) and the discharge
limits for the factories were different (COD: 30–500 mg L−1; NH3-N: 1.5–100 mg L−1). The information
shows that they were not all municipal wastewater treatment factories but that some were in specific
industrial parks. Therefore, the classification should be improved with a thorough consideration of
environmental effects, so that it is more accurate and disaggregated and the analytical and policy
needs of the sector can be more closely matched [51]. To date, China has mainly concentrated on
petrochemical enterprises and sewage outlets in environmentally sensitive areas along the Yangtze
River [4]. There are, however, electrical machinery and equipment factories, classified as EMEM, in the
SC province that discharge acidic wastewater with pH values between 0.8 and 2.8, with more than 75%
of the values over the industrial standard limit in 2017. Some service activities in JS classified as OSA
had high average annual COD concentrations in 2017 (92.0 mg L−1, more than 77.6 mg L−1 in 2016) and
should be examined to determine how their potential to pollute nearby rivers can be reduced. Overall,
the EM clustering makes it possible to explore the whole-basin polluted distribution of wastewater
discharges from all economic activities together from an objective perspective in a large river basin.
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3.3. Differences in the Pollutants in Wastewater and Economic Activities between the Heavily Polluted and
Unpolluted Zones in the YRB

3.3.1. Differences in the Pollutant Concentrations in the Heavily Polluted Wastewater Discharges
between the Heavily Polluted and Unpolluted Zones and Analyses of the Economic Activities
in the YRB

As shown by the spatial PAM clustering (see Section 3.1), the PAM2 zone with HuN3 was identified
as heavily polluted (the HPZ zone) and the HPW sewage outlets (see Section 3.2.2) in PAM2 were
identified as possible point sources for the heavily polluted site, HuN3. The PAM3 zone with sites HB2
and HeN1 was identified as unpolluted (the UPZ zone) and the HPW sewage outlets were thought to
be related to sites HB2 and HeN1, which were unpolluted. The pollutants in the wastewater discharged
in the PAM2 zone were analyzed and compared with the wastewater discharged in PAM3.

Based on the EM clustering in Section 3.2.2, pollutant concentrations in different EM clusters
(the HPW and UPW clusters) of the YRB sewage outlets in the HPZ and UPZ for 2016 and 2017 were
compared (Figure 6). The EM_A and EM_B classification results for 2016 showed that the HPW in
2016 included 20 sewage outlets with high COD (median of 115.8 mg L−1) and NH3-N (median of
7.2 mg L−1) (EM_A_1), 4 with abnormal pH values (from 4.25 to 9.76) (EM_A_2), 11 sewage outlets
with high COD (174.4 mg L−1) and NH3-N (8.0 mg L−1) (EM_B_EM8), and 18 with high NH3-N
(8.6 mg L−1) (EM_B_EM4) in the HPZ, while the UPW in 2016 included 6 from EM_A_1 with median
COD and NH3-N values of 87.6 and 8.8 mg L−1, respectively, 3 from EM_A_2 with pH values between
6.95 and 9.98, 6 from EM_B_8 (median COD: 116.5 mg L−1; median NH3-N: 9.6 mg L−1), and 10 from
EM_B_4 (median NH3-N: 9.4 mg L−1). The HPW in 2017 included 2 sewage outlets with low pH (2.25)
(EM_C_2), 11 with high COD (137.3 mg L−1) and NH3-N (9.9 mg L−1) (EM_C_7), 11 with high COD
(median: 100.8 mg L−1) and NH3-N (median: 10.6 mg L−1) (EM_D_EM3), and 16 with high COD
(104.8 mg L−1) (EM_D_6), while the UPW in 2017 included 3 from EM_C_7 (median COD: 43.1 mg L−1,
median NH3-N: 10.8 mg L−1), 11 from EM_D_3 (median COD: 120.2 mg L−1, median NH3-N: 7.5 mg
L−1), and 7 from EM_D_6 (COD: 112.8 mg L−1).
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Figure 6. Yearly mean concentrations of COD, NH3-N, and pH vs. EM classifications of the YRB sewage outlets in the HPZ (heavily polluted zone) (sewage outlets in
the PAM2 cluster by the PAM clustering: A-1, A-2, A-5, B-1, B-2, C-1, C-2, C-5, D-1, and D-2) and the UPZ (unpolluted zone) (sewage outlets in the PAM3 cluster by the
PAM clustering: A-3, A-4, A-6, B-3, B-4, C-3, C-4, C-6, D-3, and D-4) using the EM clustering from 2016 and 2017. (A and B: the classifications of sewage outlets using
the EM_A and EM_B methods in Table S3 for 2016; C and D: the classifications of sewage outlets using the EM_C and EM_D methods in Table S3 for 2017; n represents
the number of wastewater outlets.).
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The yearly means of COD and NH3-N in all the wastewater discharges in the same cluster were
different from their medians (Table 1) and the data sets of weekly pollutant concentration means in each
cluster were not statistically normally distributed, with unequal sample sizes and nonhomogeneous
variances. Application of the Wilcoxon test showed that the yearly medians of COD and NH3-N
were larger in the HPW_PAM2 cluster than in the HPW_PAM3 cluster in 2016, but the difference was
not significant. Application of the Welch t-test and the Wilcoxon test showed that the yearly means
and medians of NH3-N were larger in the HPW_PAM2 cluster than in the HPW_PAM3 cluster in
2017, but the differences were not significant. Although the yearly means and medians of COD and
NH3-N were smaller in the UPW_PAM2 cluster than in the UPW_PAM3 cluster in both 2016 and 2017,
the maximum weekly means of COD and NH3-N were all larger in the UPW_PAM2 cluster than in the
UPW_PAM3 cluster in both 2016 and 2017 (Table 1 and Figure S4). The yearly means and medians of
COD in HPW_PAM3 and NH3-N in HPW_PAM2 and HPW_PAM3 were significantly larger in 2017
than in 2016, while the yearly means and medians of COD in UPW_PAM2 and UPW_PAM3 were
significantly lower in 2017 than in 2016.

Anomaly identification and extreme pollution are important to the water environment
management [52,53]. Besides yearly means and medians, the wastewater generation factories with the
maximum 2016 and 2017 weekly means of COD and NH3-N discharges in the PAM2 and PAM3 clusters
were also identified. The maximum weekly mean COD in 2016 (489.6 mg L−1) in the HPW_PAM2
cluster belonged to an outlet from a CCPM factory that produced nitrogen fertilizer in the HB province,
and in the HPW_PAM3 cluster, a TI factory in the HeN province reached a maximum of 490.2 mg
L−1 in 2016, close to the wastewater inlet limit of 500 mg L−1 of the industrial park sewage treatment
plant. In 2017, the maximum COD discharging weekly means in the HPW_PAM2 (451.6 mg L−1) and
HPW_PAM3 (486.5 mg L−1) clusters were from factories that manufactured starches and starch products
belonging to the industry of the processing of agricultural and sideline foods (ASFP) in the HB and AH
provinces, respectively. The NH3-N weekly mean concentration reached a maximum in wastewater
discharged from the HB HPW_PAM2 factory (30.0 mg L−1), which produced nitrogen fertilizer and
was classified as CCPM, in both 2016 and 2017. Extremely high COD values greater than 500 mg
L−1 were recorded in wastewater discharged from the AH HPW_PAM3 factory in December 2017,
and were attributed to an instrument failure in the online monitoring system, which was published on
the self-monitoring network platform. This discharge was conveyed to the industrial park sewage
treatment plant for further treatment (which was also published on the self-monitoring network
platform) and so the high concentration does not indicate the true risk and this anomaly needed to be
labeled markedly with the real-time data correlation in advance on the network platform. Therefore,
the EM clustering results helped to concentrate on the anomalies that happened due to some special
reasons, such as monitoring problems, other than actual pollution activities.

Overall, while the COD or NH3-N concentrations in the wastewater discharged in the HPZ (both
in the HPW and UPW clusters) were not significantly higher than those in the UPZ, the wastewater
from the sewage outlets in the HPZ tended to be more acidic, and had higher COD and NH3-N
concentrations (the UPW had higher maximum weekly means of pollutants) than that in the UPZ.
The data for wastewater discharged in the YRB extended from 2016 to 2017 and the number of sewage
outlets with relatively high COD concentrations increased from 2016 to 2017 while those with relatively
high NH3-N concentrations decreased. It is concluded that the simple yearly means and medians of
the discharge pollutants from all the factories in a specific cluster may obscure the differences between
the clusters and heavily polluted wastewater identification with anomaly detection is necessary so
sample numbers and extremums from real-time monitoring data need to be considered thoroughly as
evidence for pollution hot spots.
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Table 1. Summary data for the weekly means of COD and NH3-N in the YRB wastewater in the different clusters in 2016 and 2017.

Year Pollutant EM_PAM
Cluster

Sample
Number

Yearly
Mean

(mg L−1)

Yearly
Median
(mg L−1)

Welch t-Test P Wilcoxon Test P Welch
t-Test T

Wilcoxon
Test T

Weekly Means

MAX (mg L−1) MIN
(mg L−1)

SD
(mg L−1)

CV

2016

COD

HPW_PAM2 1072 120.7 99.3 (−14.8, 8.4) / (−5.5, 11.5) /
(−6.2,
6.5)

(−9.4,
1.5) 489.6 0.0 82.6 0.68

HPW_PAM3 347 123.9 84.6 (−26.5,
−2.9)

(−36.5,
−18.5) 490.2 4.9 99.4 0.80

UPW_PAM2 4021 19.4 16.8 (−2.2, 0.8) / (−3.4, −2.2) * (2.9, 4.0) (2.0, 2.9) 324.5 0.0 13.4 0.69
UPW_PAM3 1235 20.9 20.4 (2.3, 3.6) (2.3, 3.5) 61.5 0.0 10.0 0.48

NH3-N

HPW_PAM2 1590 6.9 5.9 (−0.3, 0.6) / (−0.3, 0.4) /
(−2.0,
−0.8)

(−1.4,
−0.5) 30.0 0.0 5.9 0.86

HPW_PAM3 888 6.8 5.1 (−1.4,
−0.1)

(−1.4,
−0.1) 28.6 0.1 5.8 0.85

UPW_PAM2 4040 0.5 0.3 (−0.1, −0.0) * (−0.1, −0.0) *
(−0.0,
0.0) (0.0, 0.0) 9.2 0.0 0.5 1.13

UPW_PAM3 1189 0.5 0.4 (−0.0,
0.0)

(−0.0,
0.0) 5.7 0.0 0.5 1.02

2017

COD

HPW_PAM2 1242 120.6 99.8 (−24.7, −11.4) * (−24.9, −13.1) * / / 451.6 1.4 71.9 0.60
HPW_PAM3 765 138.6 124.2 * * 486.5 0.0 75.2 0.54
UPW_PAM2 3426 16.0 14.8 (−2.4, −1.5) * (−3.0, −2.2) * * * 153.6 0.0 9.5 0.60
UPW_PAM3 2324 17.9 17.6 * * 73.3 0.0 7.9 0.44

NH3-N

HPW_PAM2 676 8.3 7.1 (0.1, 1.5) * (−0.2, 1.0) /
* * 29.9 0.0 6.8 0.82

HPW_PAM3 434 7.5 6.8 * * 29.2 0.0 5.6 0.75
UPW_PAM2 3410 0.5 0.3 (−0.1, −0.0) * (−0.1, −0.0) * / * 6.8 0.0 0.5 1.14
UPW_PAM3 2273 0.5 0.4 / / 6.4 0.0 0.5 0.96

Note: The superscript P represents the Welch t−test and Wilcoxon test between clusters PAM2 and PAM3. The superscript T represents the Welch t-test and Wilcoxon test between 2016 and
2017, the numbers in parentheses represent the 95% confidence intervals, asterisk (*) represents p < 0.05 and slash (/) represents p > 0.05.
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3.3.2. Geographical, Administrative, and Economic Distributions of Heavily Polluted Wastewater
Discharges in the Heavily Polluted and Unpolluted Zones in the YRB

Sewage outlets with heavily polluted wastewater discharges (HPW) are marked in Figure 7A,B.
In 2016, there were 37 HPW factories in 7 cities in HuN and 10 districts in HB belonging to 14 industrial
classes; of these, 12 HPW factories manufactured chemicals and chemical products (CCPM) (Table
S8). In 2017, there were 27 factories in 7 cities in HuN and 5 districts in HB belonging to 12 industrial
classes, 5 of which were from PMCM (Table S9). The HPW numbers decreased from 26 to 17 in HB and
from 11 to 10 in HuN from 2016 to 2017, and it seemed HB had stricter policies on water pollution
management than HuN. About 1061 km of the Yangtze’s course runs through central China’s HB
province, the most of any province. This province has approved an action plan for reducing pollution
and protecting the environment along the Yangtze [4], which may have contributed to the improved
water quality in 2017. Xinhua reported that secret pollution discharges were found in several chemical
industry parks along the Yangtze in HuN, which indicates that the current law enforcement there is
not sufficiently tough [2].

Most PAM3 factories with heavily polluted wastewater (HPW_PAM3) in 2016 and 2017 were
not really located in the YRB (Figure 7A,B), according to their geographic positions and details of the
factories published online. Two factories in HB that were in the HPW_PAM3 cluster were less than
5 km from HuB2 in the YRB. The concentrations of NH3-N (9.0–11.2 mg L−1) and/or COD (94.9 mg L−1)
in the wastewater discharged from these factories in 2016 were high; for 2017, there was no information
about the discharges from one of the factories online, while the COD (60.4 mg L−1) and NH3-N
(5.6 mg L−1) concentrations in the wastewater from the other were not classified in the HPW clusters.
Therefore, the risks of pollution from the main point sources to the river in the UPZ were lower in 2017,
which shows that to protect the MR-SNWDP drinking water source, wastewater management has
improved considerably [48].

There were 16 factories (3 in HuN and 13 in HB) in the HPW_PAM2 cluster in both 2016 and 2017
(Figure 7C). The COD values in the wastewater discharged from their sewage outlets were lower in
2017 than 2016, but the NH3-N concentrations in the wastewater were similar for both years. Two WPS
factories in HB and one WPS factory in HuN were clustered in HPW (cluster EM_B_2) in 2016 and had
relatively high annual mean NH3-N (6.0–11.2 mg L−1) concentrations in their discharge. These factories
were not in HPW in 2017 and their discharge had lower NH3-N values (0.3–6.2 mg L−1). The NH3-N
concentrations in discharges from the two factories in HB exceeded the limit more than 50% of the
time in 2016 but only 20% of the time in 2017. Overall, the quality of the wastewater discharged in the
HPZ was better in 2017 than in 2016 (http://news.cnhubei.com/). However, the simple yearly means
and medians of the discharge pollutants from all the factories in a specific cluster could not show this
improvement in wastewater management without the identification of heavilypolluted wastewater
discharges in specific factories.

Of the 41 wastewater-generating industrial classes in the YRB, a total of 15 (14 in 2016 and 12 in
2017, Table S7) discharged wastewater with relatively high COD and NH3-N concentrations, regardless
of their discharge limits or discharge standards for each industry [54–57]. Even from factories in
the same industrial class, different wastewater outlets executed different discharge standards with
different discharge limits of a specific pollutant. Therefore, no matter whether the standards are
exceeded, the discharge concentrations from all economic activities should be considered together.
Overall, the PAM spatial clustering and EM water quality clustering were combined to make possible
an exploration of the pollution distribution differences in the wastewater discharges from all economic
activities together from an objective perspective between the heavily polluted zone with heavily
polluted surface water sites and the unpolluted zone with unpolluted surface water sites in a large
river basin.

http://news.cnhubei.com/
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3.4. Temporal Variations in the Pollution Characteristics and Relationships between Heavily Polluted
Wastewater Discharges and Surface Water in the Heavily Polluted YRB Zone

3.4.1. Identification of Heavily Polluted Periods Using EM Clustering Based on Weekly Data for
Heavily Polluted Wastewater Discharges and Heavily Polluted Surface Water in the Heavily
Polluted YRB Zone

The weekly means of COD, NH3-N, and pH in wastewater from the HPW_PAM2 sewage outlets
in the HPZ were analyzed with the EM clustering method by the Mclust VVI model in 2016 (EM_E)
and by Mclust VEI (diagonal, equal shape) model in 2017 (EM_F) (Table S3). The results showed that
the weekly medians of NH3-N (8.74 mg L−1, Welch t-test: p < 0.05, Wilcoxon test: p < 0.05) and pH
(9.9, Welch t-test: p < 0.05, Wilcoxon test: p < 0.05) were significantly higher in weeks 15, 18, 19, 20,
22, and 23 (the second quarter) in 2016 in cluster EM3, based on the EM_E method, and the weekly
medians of COD (129.6 mg L−1, Welch t-test: p < 0.05, Wilcoxon test: p < 0.05) were significantly higher
in weeks 2, 5, 8, 11, and 29 (the first and third quarters) in 2017 in the EM2 cluster, based on the EM_F
method (Figure 8A,B), than in the other weeks. The acidic wastewater at the HPW_PAM2 sewage
outlets (pH < 6) throughout all of 2017 was mainly from the two outlets in the EM_C_2 cluster (see
Section 3.3.1, Figure 6C-5).

The EM clustering results from HuN3 by the Mclust VEI model in 2016 (EM_SC) and by the
Mclust EVI (diagonal, equal volume, varying shape) model (EM_SD) (Table S3) showed that the weekly
medians of COD (2.68 mg L−1) and NH3-N (1.62 mg L−1) were relatively high, while those of DO
(5.38 mg L−1) were relatively low, in weeks 26, 27, 48, and 49 (June, July, November, and December) in
2016 in the EM2 cluster, based on the EM_SC method, and the weekly medians of COD (3.80 mg L−1)
were relatively high in weeks 9, 10, 11, and 27 (February, March, June, and July) in the EM3 cluster
and the weekly medians of NH3-N (3.41 mg L−1) were relatively high in weeks 32, 35, 36, 37, 39,
and 48 (August, September, and November) of 2017 in the EM1 cluster, based on the EM_SD method
(Figure 8C,D).
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Figure 8. EM clustering classifications of discharge weeks of the YRB heavily polluted sewage outlets
in the HPZ (heavily polluted zone) based on the weekly means of COD, NH3-N, and pH in wastewater
in 2016 (A1–3, EM_E method) and 2017 (B1–3, EM_F method) and EM clustering classifications of
monitoring weeks at the HuN3 site (one of the heavily polluted surface water sections in HuN province)
based on the weekly means of COD, NH3-N, and DO in surface water in 2016 (C1–3, EM_SC method)
and 2017 (D1–3, EM_SD method) (a lowercase n in Figure 8A2–4 and Figure 8B2–4 represents the
number of weekly samples in a specific cluster. The weeks heavily polluted by wastewater discharges
are marked by pink ovals and the weeks heavily polluted by surface water are marked by red ovals.).

The water at HuN3 was polluted and was classified as worse than the national polluted standard
limits [11] from weeks 25 to 32 and week 48 (June, July, August, and November) in 2016 and in
weeks 35, 36, 37, 39, and 48 (August and September) in 2017 (Figure S3). Overall, the water quality at
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HuN3 was relatively poor in the second quarter of 2016, when the DO was relatively low, and in the
third quarter of 2017, when the NH3-N was relatively high. Wastewater outlets in the same spatial
region were characterized by relatively high NH3-N concentrations and high pH values in the second
quarter of 2016 and high COD concentrations in the third quarter of 2017. The second quarter of 2016
and the third quarter of 2017 could be identified as heavily polluted periods both in surface water
and wastewater discharges in the heavily polluted YRB zone. Clusters of weekly water quality in
surface water illustrate more details of seasonal pollution variations in rivers [8,47] and clusters of
weekly pollutant discharges give more temporal information of point sources to aid decision-making
in pollution control and water resource management.

3.4.2. Temporal Correlations between Heavily Polluted Surface Water and Heavily Polluted
Wastewater Discharges in the Heavily Polluted YRB Zone

Results from the Spearman correlation analyses (Figure 9, most data did not statistically obey
normal distribution by the normal distribution test) showed the temporal correlation of the daily
means of COD, NH3-N, pH, and DO between surface water at the HPS_HuN3 and wastewater
discharges in the HPW clusters in the same HPZ. In 2016, the daily mean DO at HuN3 was significantly
correlated with COD (−0.27, p < 0.001) in HPW wastewater discharges. The daily mean DO, COD,
NH3-N, and pH at HuN3 were significantly correlated with the pH in the HPW_PAM2 wastewater
discharge (DO_S: 0.25, p < 0.001; COD_S: 0.29, p < 0.001; NH _S: −0.20, p < 0.001; pH_S: −0.16, p < 0.05)
(Figure 9A). The daily mean NH3-N in 2017 at HuN3 was significantly and positively correlated with
the HPW_PAM2 wastewater (0.21; p < 0.001) (Figure 9B).

The site samples and wastewater discharge samples in the second quarter of 2016 and the third
quarter of 2017 with heavily polluted wastewater discharges and surface water (see Section 3.4.1) were
also analyzed for temporal correlations (Figure 9C,D). In the second quarter of 2016, the daily mean
DO, NH3-N, and pH values at HuN3 were significantly correlated with the pH in the HPW_PAM2
wastewater discharge (DO_S: 0.45, p < 0.001; p < 0.001; NH _S: −0.56, p < 0.001; pH_S: −0.67, p < 0.001)
(Figure 9C). The daily mean NH3-N in the third quarter of 2017 at HuN3 was significantly and positively
correlated with the HPW_PAM2 wastewater (0.43; p < 0.001) (Figure 9D), and the correlation coefficient
was larger than 0.21 from the whole year data set. The site samples and wastewater discharge samples
in 2016 and 2017 with polluted surface water (monitoring indicators over the national polluted standard
limits [11]) were also analyzed for temporal correlations (Figure 9E,F). The samples occurred mainly
in the second and third quarters of 2016 and 2017 (marked in green and blue colors). The daily
mean DO in the polluted water at HuN3 was significantly correlated with COD (−0.42, p < 0.001) in
HPW wastewater discharges in 2016 and the daily mean NH3-N in the polluted water at HuN3 was
significantly correlated with NH3-N (0.39, p < 0.001) in HPW wastewater discharges in 2017 (Figure 8D).
Their correlation coefficient absolute values were larger than 0.27 and 0.21 from the whole year data
set, separately.

The DO daily means in the surface water at HuN3 had a stronger significant and negative
correlation with the NH3-N daily means in the surface water in the second quarter of 2016 (−0.68 >

−0.27, p < 0.001, Figure 9C) but had a stronger significant and positive correlation with the NH3-N daily
means in polluted wastewater discharges (0.31 > 0.25, p < 0.001, Figure 9E) than those from the whole
year data sets, and there were no significant correlations between NH3-N in the surface water and in
the wastewater discharges. This negative correlation between DO and NH3-N in surface water mainly
existed in the samples with low DO concentrations (<5 mg L−1, Figure 9C) and can be explained by the
biological activities between dissolved oxygen and reduced ammonia nitrogen in surface water and
more sophisticated chemical and biological processes happening from the wastewater discharges (as
a source of pollutants) to the surface water (as a sink of pollutants) [58]. In contrast to the 2016 samples
with low DO concentrations, in the 2017 data set, the daily mean NH3-N had significate and positive
correlations with the daily mean DO in the surface water in the third quarter and in the polluted
periods of 2017 (Figure 9D,F). This is because DO generally had higher concentrations (>5 mg L−1) in
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2017 than 2016, indicating a different redox environment, where dissolved oxygen and ammonia had
different effect mechanisms on each other with different biological or chemical activities [59]. Moreover,
ammonia nitrogen in the wastewater discharges had a higher positive correlation with that in the
surface water in 2017 than in 2016 (Figure 9C–F), which should draw the attention to the economic
activities with ammonia production.
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Figure 9. Spearman correlation analyses between each pair of daily means of COD, NH3-N, pH,
and DO in surface water at HuN3 and in the HPW wastewater discharges in the HPZ zone in 2016.
(A: daily samples in the whole year; C: daily samples in the second quarter; E: daily samples with
polluted water at HuN3) and 2017 (B: daily samples in the whole year; D: daily samples in the second
quarter; F: daily samples with polluted water at HuN3). (DO_S, COD_S, NH_S, and pH_S represent
DO, COD, NH3-H, and pH in surface water at HuN3. COD_P, NH_P, and pH_P represent COD,
NH3-H, and pH in the HPW discharge wastewater. In the rectangle, figures below the diagonal: points
represent daily samples; the point colors represent different quarters of the year: red (the 1st quarter),
green (the 2nd quarter), blue (the 3rd quarter), and cyan (the 4th quarter); the red curves represent the
fitted curve. In the rectangle, figures above the diagonal: the numbers represent Spearman correlation
coefficients between each two variables; the font sizes represent the coefficient value sizes; * represents
p < 0.05; ** represents p < 0.01; *** represents p < 0.001. The diagonal figures with gray rectangles
represent frequency distribution histograms of each variable.).
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Overall, correlations between dissolved oxygen/ammonia nitrogen in surface water and organic
matters (indicated by COD)/ammonia nitrogen strengthened as the whole-year data sets were reduced
to the heavily polluted periods by the EM clustering and water quality evaluation based on weekly data.
These temporal correlations show that the bad water quality at HuN3 and the wastewater discharges
in the same spatial region were more than coincidental. Management of the pollutants from the point
(sewage, sullage, and industrial effluent, etc.) and non-point (urban and rural runoff, etc.) sources
are equally important for sustainable management of water resources [8,22,60]. In order to achieve
good water quality in rivers, the point sources should be identified and the problematic or ineffective
sewage treatment plants should be located and upgraded [61]. More real-time data from wastewater
generation factories offers more chances for accurate identification of heavily polluted point sources and
heavily polluted periods and unsupervised machine learning techniques, such as clustering algorithms,
offer more objective and efficient methods for spatiotemporal pollution identification. The Ministry
of Ecology and Environment (known as the State Environmental Protection Administration before
September 2018), China’s top environmental watchdog, implemented a three-year action plan in 2018
to clamp down on environmental offenses, including fabrication of and interference with monitoring
data [62]. Therefore, the discharge data from the self-monitoring network platform of each company
that is published online is available and helpful but needs to be verified further to be more valid if it is
to be used to support management.

4. Conclusions

Spatial clustering algorithms, such as the partitioning around medoids (PAM) algorithm, and water
quality clustering algorithms, such as the expectation–maximization (EM) algorithm, could be combined
as unsupervised machine learning techniques for the identification of heavily polluted wastewater
discharges from all economic activities and heavily polluted surface water in a large river basin and for
the exploration of their source–sink spatio–temporal relationships to offer more objective and reliable
methods to support water resource management.

More than 33% of the industrial classes of wastewater-generating economic activities discharged
effluent with high COD and NH3-N concentrations, regardless of the discharge limits outlined in
the discharge standards for pollutants for each industrial class. The results also showed that some
wastewater-generating factories in each industry did not follow the discharge standards of their
industry and tended to use the highest discharge limits (for COD or NH3-N) from either older or
integrated wastewater discharge standards (see the self-monitoring network platform of each company).
In cases where concentrations of pollutants in discharges are above the standards, the high discharge
pollutant concentrations in all wastewater-generating industrial classes should be considered together,
regardless of the discharge limits or the company-specific standards.

The quality of both the surface water and wastewater discharges was bad in the same spatial
region in the YRB in some periods in 2016 and 2017. The fact that the surface water and wastewater
discharges were both of low quality at the same time in the same geographical region should be of
interest to water resource managers. Also, the spatial and temporal characteristics of pollution should
be studied as the GDP grows and economic activities change in the large river basin. The factors that
connect the surface water and the wastewater discharges should be studied using data with higher
spatial and temporal resolutions and dynamic source–sink synergy mechanisms should be studied
further with some prediction models, such as an artificial neural network and support vector machine,
in the future [63–65].

Supplementary Materials: The following are available online at http://www.mdpi.com/2073-4441/11/6/1268/s1,
Figure S1 Numbers of the wastewater-generating factories ranked in order of the top 10 industries in the YRB that
published online monitoring data in 2016 (A) and in 2017 (B). (In the pie charts, numbers before the semicolon
represent the sum of factories in a specific category and percentages after the semicolon represents the ratio of the
YRB factories.) Figure S2 Yearly concentration means of chemical oxygen demand (COD), ammonia nitrogen
(NH3-N), dissolved oxygen (DO) and pH at the 18 surface water sections (sites) in the Yangtze River Basin
(YRB) in 2016 (A) and 2017 (B) by hierarchical clustering with the Ward.D method (NH: NH3-N. The deeper
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the color is, the larger the value of some indicator is). Figure S3 Weekly water quality grades at the 18 YRB
sites in 2016 (A) and 2017 (B). Figure S4 COD and NH3-N weekly means in the YRB wastewater discharges
in different spatial (PAM2 and PAM3) and water quality clusters (HPW clusters—clusters of heavily polluted
wastewater: A, C, E and G; UPW clusters—clusters of unpolluted wastewater: B, D, F and H) in 2016 (A, B, C and
D) and 2017 (E, F, G and H) Table S1 Basic information of the YRB sites, sewage outlets and their factories with
monitoring data published online in 2016 and 2017 (from west to east). Table S2 Industrial class list and numbers
of the YRB wastewater-generating factories in 2016 and 2017 Table S3 Partitioning around medoids (PAM) and
expectation–maximization (EM) clustering methods based on yearly/weekly means of COD, NH3-N, pH and
DO in wastewater discharges from the sewage outlets and in surface water from the sites in the YRB in 2016 and
2017 Table S4 Numbers and administrative regions of the 18 YRB sites and the 2213 YRB wastewater-generating
factories in different spatial PAM clusters in 2016 and 2017 Table S5 Unpolluted week percentages and yearly
means of pH, DO, COD and NH3-N in surface water at the YRB sites in 2016 and 2017 Table S6 Numbers and
percentages of YRB sewage outlets in each EM cluster based on the yearly means of COD, NH3-N, and pH in
wastewater discharged in 2016 and 2017 Table S7 YRB sewage outlet numbers in Clusters HPW (heavily polluted
wastewater) and UPW (unpolluted wastewater) in different industries by EM clustering in 2016 and 2017 Table
S8 Numbers of the YRB factories with heavily polluted wastewater discharges (HPW) and their administrative
regions and industrial classes in the heavily polluted zone (HPZ) in 2016 Table S9 Numbers of the YRB factories
with heavily polluted wastewater discharges (HPW) and their administrative regions and industrial classes in the
heavily polluted zone (HPZ) in 2017.
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