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ABSTRACT

As a result of increasing anthropogenic disturbance, the degradation of the surface water environment has be-
come a key concern for water resource management. Controlling possible pollution sources is necessary for pro-
tecting water resources. In this paper, water quality data from online monitoring national control stations were
analyzed in terms of pH, Water Temperature (WT), Electrical Conductivity (EC), turbidity (NTU), dissolved oxygen
(DO), and concentrations of permanganate index (COD,, ), ammonium nitrogen (NH,*=N), total nitrogen (TN), total
phosphorus (TP). Principal component analysis/factor analysis (PCA/FA) was employed to qualitatively figure out
the potential sources of river water pollution of Huangpu River in Shanghai City, eastern China. An absolute prin-
cipal component score-multiple linear regression (APCS-MLR) receptor model was used to analyze each source’s
contribution to the variables affecting water quality quantitatively. The results showed that all observed water
quality indices met the quality criteria specified in the Chinese surface water standards, except for TN. Five sources
of river water pollution were identified, and their contribution ratios in a descending order were as follows: The
meteorological process (26%)>agricultural activities (14%)>industrial sewage (10%)>natural environmental sourc-
es (4%)=domestic sewage (4%). Therefore, recommendations for enhancing the quality of surface water resources
in this area involve decreasing agricultural pollution and improving the sewage system.
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and safeguarding the integrity of water resources [9,10]. Ac-
cording to the Bulletin of Ecology and Environment in China in
2022 (MEEC, 2022), 12.1% of surface water was unsuitable for
drinking in 2022, Yangtze River Basin, Pearl River Basin, Zheji-
ang and Fujian piece of rivers, northwest rivers, and southwest
rivers water quality is excellent, the Yellow River Basin, Huaihe
River Basin, and Liaohe River Basin water quality is good, the
Songhua River Basin and the Haihe River Basin for light con-
tamination. Principal component analysis/factor analysis (PCA/
FA) is traditional mathematical and statistical methods. PCA/
FA linearly transforms variables using orthogonal transforma-

INTRODUCTION

As the main source of fresh water on the Earth’s surface, riv-
ers play an irreplaceable role in human survival and social de-
velopment. In recent years, with accelerated urbanization and
rapid economic development, river pollution has drawn great
attention from the government and the public [1-3]. Accord-
ing to studies, the primary factors responsible for a decrease
in river water quality are excessive sewage discharges from in-
dustry, households, and agriculture, particularly in developing
countries [1,4-6]. When a river is polluted, it can significantly

impact the overall water quality of the surrounding aquatic
environment because it plays an essential role in the hydro-
logical cycle [7,8]. For this reason, the implementation of ac-
curate source identification and allocation in the management
of pollution sources is of paramount importance in assessing

tion. These techniques have a proven efficacy in qualitatively
identifying sources of pollution. However, they lack the capac-
ity to accurately determine the precise contributions of sourc-
es [11-15]. Positive Matrix Factorization (PMF), chemical mass
balance, Unmix, absolute principal component score-multiple
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linear regression (APCS-MLR), and global optimal inverse mod-
els which are models use statistical methods and mathematical
algorithms to estimate the contributions of different pollutant
sources and provide valuable insights into the sources of pol-
lution in soil, air, and water [9,11,15-21]. The APCS-MLR mod-
els have been commonly used to quantify pollution sources
in different water bodies, such as lakes, rivers coastal water,
and groundwater [9,15,18,20,22]. In recent years, numerous
researches have demonstrated the stability of these models,
however, the APCS-MLR model proves to be more effective
in handling data sets with parameter of varying magnitudes
analyzed a water quality dataset consisting of 15 parameters
collected from eight sampling sites in the tributaries and main-
stream of the Min River [9,11,16,17,20,21]. The APCS-MLR
model was employed to identify potential sources of pollution
and allocate their respective contributions. Similarly, the five
sources of river water contamination that identified were as
follows, with the contribution ratios listed in descending order:
The geogenic process (24%) is more prevalent in the Xinbian
River of Anhui Province, Eastern China than agricultural ac-
tivities (21%), sources related to chicken farming (17%), resi-
dential pollution (9%) and transportation pollution (5%) [17].
These studies have important implications for regional water
resources management. Shanghai is located in East China, on
the West Coast of the Pacific Ocean and the eastern edge of the
Asian continent, part of the alluvial plain of the Yangtze River
Delta. Previous studies have shown that deteriorated river wa-
ter quality significantly affects the economic development and
the health of people in this area [23,24]. In recent years, the
water systems of Shanghai have been greatly improved by the
execution of a series of water-management plans. Since 2017,
Shanghai has started a new phase of large-scale water environ-
ment management. In 2018, the black odor of small and me-
dium-sized rivers was essentially eliminated, and in 2020, the
inferior Grade V water bodies were essentially eliminated. In
the Huangpu River Waterfront Area Construction Plan (2018-
2035), a spatial development strategy of “two cores and mul-
tiple nodes” is intended for the area along the Huangpu Riv-
er, with each portion being staggered and synergistic, and the
core functions of finance, innovation, and culture with global
competitiveness being built out in a cluster fashion in the most
significant sections. Upstream The Xupu Bridge to Dianshan
Lake segment strengthens the strategic ecological conservation
function basis and effectively integrates the functions of life,
recreation, culture, and innovation industry. The core section
(Yangpu Bridge to Xupu Bridge) concentrates on carrying the
core functions of finance, business, culture, commerce, and
recreation of the international metropolis, and provides public
activity space with global influence. The downstream section
(Wusongkou to Yangpu Bridge) provides development space
for innovative functions based on regional transformation and
upgrading, and strengthens the integration of ecological and
public functions and living functions used the chemical oxygen
demand, total phosphorus, dissolved oxygen, ammonium ni-
trogen and biochemical oxygen demand and showed that af-
ter the river remediation work of Yangpu District in 2017, the
main pollutants in the river converted from ammonium nitro-
gen to total phosphorus, indicating that the river remediation
improves the self-purification ability of the river, which had a
remarkable influence on the water quality [23]. However, no

study has been conducted to characterize online monitoring
statistics of the whole river. Therefore, this study selected the
Huangpu River, known as the “Mother River of Shanghai,” as
the study area, and used mathematical and statistical analysis
techniques PCA/FA combined with the APCS-MLR model to

e  Evaluate the seasonal characteristics of river water quality
in the study area,

e Identify potential sources of primary water elements, and

e Quantify the source inputs and contribution variables for
each water quality parameter. The findings of this study
are expected to help assess the water quality and potential
sources of pollution in the Huangpu River in Shanghai and
enable stakeholders to more effectively manage pollutants
entrance into the river and improve surface water quality
in this area.

MATERIAL AND METHODS

Study Area

Shanghai is located in a longitude belt of 120°52’E to 122°12E
and a latitude belt of 30°40’N to 31°53’N, Shanghai has a
four-season, north subtropical monsoon climate with plen-
ty of sunlight and rain. The weather in Shanghai is moderate
and muggy, with longer winters and summers than springs and
autumns. The city had an average temperature of 17.9°C and
1474.5 mm of precipitation in 2021. Between June and Sep-
tember, there is a concentration of 66.1% of the yearly precip-
itation. Shanghai’s elevation is 2.19 m on average. Shanghai’s
highest point is Dalinshan Island, which is 103.7 m above sea
level [19]. Huangpu River, the upper reaches of which are locat-
ed in the southwest of Shanghai, flows through Qingpu, Song-
jiang, Fengxian, Minhang, Xuhui, Huangpu, Hongkou, Yangpu,
Pudong New Area, Baoshan and other districts to Wusongkou
with a total length of 113.4 kilometers, and the main stream of
Huangpu River from Mishidu to Wusongkou is 82.5 kilometers
long [19]. Huangpu River is a lake source river network tidal
river, is the main source of drinking water, industrial water,
agricultural irrigation water in Shanghai, and plays an import-
ant role in shipping and other aspects. Additionally, it is also a
receiving water body for Shanghai’s wastewater discharge, re-
sulting in water pollution. Therefore, the local water resources
management department has planned to develop the Huang-
pu River (the sampling section of the river) in the coming years
to better support functional area development (Figure 1). Four
sampling sections were shown as follows: “1” stands for Dian-
feng, “2” stands for Linjiang, “3” stands for west Minhang bor-
der (Songpu Bridge), “4” stands for Wusongkou.

Sampling and Analysis

The study employed water quality data from online monitoring
national control stations from January to December 2021 of
Wusongkou to investigate the intra-year variable characteris-
tics of the water quality of the Huangpu River. As Wusongkou is
the Huangpu River’s downstream exit, and because the catch-
ment area encompasses the whole basin, it may represent the
features of the water body as a whole and serve as a foun-
dation for determining the primary component findings in the
study of the sources of pollution that follows. As a result of the
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COVID-19 outbreak resulted in Shanghai’s closure control, the
study did not include data from 2022. The Huangpu River’s pol-
lution sources will be investigated using a total of 60 average
online water quality data points covering the first, second, and
third 10 days of each month from January to May 2023. From
the national monitoring website, information on water quality
was obtained. The water quality parameters for investigation
in this study included electrical conductivity (EC), dissolved ox-
ygen (DO), water temperature (WT), turbidity (NTU), pH, per-
manganate index (COD,, ), ammonium nitrogen (NH,*—N), total
nitrogen (TN), total phosphorus (TP).

Legend

L ] Sampling site -~ <
B Water body / N
7/

Figure 1: Map of surface water quality sampling sites in Huangpu River
of Shanghai, China

PCA-APCS-MLR Model

The APCS-MLR is a receptor model integrating the two statis-
tical methods of APCS and MLR. This model is suggested to
guantify the contribution of pollution sources to water quality
parameters in the basins based on the PCA model Thurston et
al. (1985). The core idea of PCA is dimensionality reduction,
which reduces a large number of indicators to a small num-
ber of indicators to represent the majority of original materi-
als [12,25]. In order to identify potential factors affecting wa-
ter quality, PCA was used to analyze each data group that the
CA had indicated. By computing the covariance and principal
components of separation (PCs), a linear combination of eigen-
vectors and original variables, PCA may assess the degree of
dispersion in water quality data. Closely related to PCA, factor
analysis (FA) can be applied in a variety of ways to polarize the
loadings of the original variables and obtain new factors, called
varifactors (VFs), that more effectively explain the potential in-
formation contained in the original variables [26,27].

The data must first be examined for goodness-of-fit to the
log-normal distribution using Kolmogorov-Smirnov (K-S) statis-
tics before doing PCA. All of the variables prepared for PCA had
log-normal distributions with confidence levels greater than or
equal to 95%, according to K-S statistics. To determine whether

the data in this study were suitable for PCA, Kaiser-Meyer-Olkin
(KMO) and Bartlett’s Test of Sphericity statistical analyses were
carried out [8,28,29]. Absolute factor loadings [0.30-0.50],
[0.50-0.75], and > 0.75 were considered to be weak, moderate,
and strong loadings, respectively. The greater the absolute val-
ue of load, the stronger the correlation between water quality
parameters and principal components, and the positive and
negative signs indicate the positive and negative correlation
between them [30].

Principal Component Analysis

PCs are expressed as follows:

Z;, =a,x,; +a,x,, +...+a,x,
where Z is the component score; a is the component loading;
x is the measured value of the variable; i is the component
number; j is the sample number; and n is the total number of
variables. Absolute principal component score-multiple linear
regression (APCS-MLR) Principal Component Scores (PCS) cal-
culated by PCA were converted to absolute principal compo-
nent scores (APCS); then the source contributions to pollutant
concentrations could be calculated by using multiple linear re-
gression (MLR):
_ n
G =r,+ rjiAji
Jj=1
where r0i is the multiple regression constant term for the i pol-
lutant, which means the contribution of the i pollutant from
the sources cannot be explained PCs derived from PCA, r is the
regression coefficient of the j source for the i parameter, and
rjiAji is the contribution of the j source to the i parameter. The
mean value of rJ.iAji for all samples represents the mean contri-
bution of the j source. Although the sources represented by the
APCS-MLR model can have negative influence onwater quality
indicators, the Environmental Protection Agency’s (EPA) Unmix
and PMF models with non-negative restrictions might be per-
plexing when they show contributions from several sources.
According to Gholizadeh et al. (2016), negative contributions
can be changed into positive ones in the following ways to help
with the quantitative evaluation of source contributions [18]:

R, = 5]
TS IS |+ |Ss] -+ ]S

x100%

where Rj is the contribution ratio of the j source; and S1, S2, S3,
and Sn are the contributions of the first, second, third, and n
sources, respectively.

RESULTS AND DISCUSSION

Temporal and Spatial Variations in Water Qual-
ity

Overall, NH,-N, TN, and TP are all significant indicators of eu-
trophication, COD,, is one of the primary indicators of organic
pollution in water bodies, DO is essential for aquatic life and

is recognized as a fundamental marker of water quality, and
NTU, EC, and pH are significant physicochemical indices [25].
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Basic statistics of physicochemical variables of water quality in
Huangpu River of the four sampling sites within 5 months are
presented in Table 1. Generally, TN had relatively high levels
compared to National Surface Water Quality Standard of China
(GB3838-2002), worse than the Grade V, the mean concentra-
tions of COD,, , NH_-N, TP were Grade Il of the standard, and
DO was Grade I. Only the TN concentration was very poor, indi-
cating that agricultural non-point source pollution is likely to be
the main cause of pollution in this river. concentrations ranged
from 1.75 mg/L to 4.66 mg/L in 12 months, the mean TN con-
centration was 2.61 mg/L exceeding the Grade V of the Nation-
al Surface Water Quality Standard of China (GB3838-2002). The
highest mean TN (4.17 mg/L) appeared from January to March.
The TN concentration fluctuated greatly in the first 3 months,
then decreased gradually from April, and then increased from
July to September. TP concentrations were basically stable
throughout the year, except for September reached the high-
est of 0.25 mg/L, mean concentration of TP was 0.15 mg/L
within Grade of water quality standard. The mean concentra-
tions of COD,, and NH.-N met the Grade Il of water quality
standard (3.38 mg/L and 0.23 mg/L). Mean concentrations of
COD,, during August to October (August 4.05 mg/L, Septem-
ber 3.70 mg/L, October 4.15 mg/L) were slightly higher than
those during the other months, while mean concentrations of
NH_—-N during September (0.07 mg/L) and October (0.09 mg/L)
were lower. However, it should be noted that NH-N in some
month is very close to Grade | of the standards (0.15 mg/ L).
Throughout the year, mean concentrations of COD,, and TP of
Wusongkou water were not fluctuated much, while mean con-
centrations of NH.—-N and TN fluctuated greatly from January
to March.

Table 1: Statistical descriptions of the Huangpu River’s water quality

(Arithmetic Mean [Mean], Standard Deviation [SD], Coefficient of Varia-
tion [CV], and grade of water quality [grade])

Parame-

ters Mean SD Ccv Grade
WT(°C) 14.71 5.04 0.34 -
pH 7.77 0.5 0.06
DO 8.46 1.59 0.19 I
EC/(uSlcm)  623.35 71.36 0.11 -
NTU 96.34 69.27 0.72 -
cob,, /
ot 3.92 1.72 0.44 11
NH,-N/
meL) 0.26 0.18 0.69 1
TP/(mglL) 0.1 0.04 0.43 11
TN/(mg/L) 3.34 1.49 0.45 Wors\e,tha”

PCA-APCS-MLR Model

The number of data samples in this study complied with Thur-
ston and Spengler’s (1985) recommendation that the degree
of freedom of the data set should be greater than 50 in order
to get a reliable PCA/FA outcome. Bartlett’s p-value for sphe-
ricity was 0.000 and the KMO value was 0.629, both of which
showed that there were significant correlations between the
input parameters. Therefore, source identification in this inves-
tigation was attainable using PCA/FA. The first five VFs were
obtained in accordance with Kaiser’s criteria (eigenvalue great-

er than 1), and they accounted for 86.2% of the total variance.
It shows the loadings of each parameter in the five VFs (Fig-
ures 2-3). The first VF (VF1) showed strong positive loadings
(>0.750, 0.863) on DO, moderate positive loading on NH_-N (>
0.50, 0.625), and a strong negative loading on WT ( <-0.750,
-0.958), accounting for 31.6% of the total variance. DO is de-
termined by WT, the NH,—N concentration is affected by WT.
Indeed, nitrification reaction accelerates the consumption of
ammonia nitrogen when the temperature rises, which leads to
a decrease in NH,—N concentration in the water environment
[31]. Thus, VF1 might represent meteorological sources.

—&— CODMn —©— TN —A— NH3-N —%—TP
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Figure 2: Temporal characteristics of water quality in Wusongkou (“4”
sampling site) from January to December in 2021
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Figure 3: Component loadings for 9 variables following varimax rotation

The second VF (VF2), which occupied 25.9% of the total vari-
ance, showed a strong positive loading on NTU (0.775), a
strong negative loading on pH (-0.858), and a moderate pos-
itive loading on TP (0.648) and NH_-N (0.500). pH is affected
by water temperature, the ion concentration, the activities
of aquatic organisms, and the partial pressure of atmospher-
ic carbon dioxide. NTU is calculated by insoluble substances
of sediment, planktonic algae, corrosive matter, and colloidal
particles suspended in water. Due to the domestic sewage dis-
charge and its rich phosphorus and nitrogen into the water
body, which will affect the NTU and pH of the water body, so
VF2 could reflect the influence of industrial sewage? The third
VF (VF3) accounted 11.4% of the total variance and showed
a strong positive loading on TN (0.883) a moderate positive
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loading on TP (0.614). TN and TP seem to be primarily more
affected by manure and chemical fertilizer application than by
domestic and industrial sewage. According to Wang L et al. VF3
could reflect the influence of the activities such as the appli-
cation of fertilizers in agricultural activities [32]. The fourth VF
(VF4) explained 9.9% of the total variance and showed a strong
positive loading on EC (0.923). Water contains a variety of dis-
solved salts present in the form of ions. E is used to predict
the total ion concentration or salt content in water [33]. This
result indicates that VF4 was mainly related to salt ions in the
water it may be attributed to natural ionic group sources from
river inflow. Thus, VF4 might represent natural environmental
sources. The fifth VF (VF5) explained 7.5% of the total variance
and showed a strong positive loading on COD,, (0.979), and no
other factors play strong or moderate relationships with VF5,
so this result indicates that VF5 was mainly related to domestic
sewage.

The APCS-MLR model was employed to determine the con-
tribution ratio of each source and quantify its contribution to
each water quality indicator based on the outcomes of source
identification using PCA/FA. According to fig, the determination
coefficient (R2) between the parameters that were observed
and those that were predicted ranged from 0.79 to 0.99, with
a mean value of 0.87, demonstrating a satisfactory fit between
the two values (Figure 4). The APCS-MLR model could there-
fore accurately estimate source apportionment [18,20,22].
The meteorological process (VF1) had a significant influence
on DO, NH.-N, and WT, with high contribution ratios for DO
(81.9%), NH,-N (40.2%), and WT (39.9%) (Figure 5). The larg-
est contribution to NTU (30.2%) and TP (27.4%) came from in-
dustrial sewage (VF2). The contribution ratios from agricultural
activities (VF3) application for TP, TN, and COD,, were 51.6%,
37.8%, and 14.5%, respectively. EC (10.6%) and NTU (8.7%)
were primarily caused by natural environmental sources (VF4)
in water. Domestic sewage (VF5) made up 30.9% of COD,, 's
contribution. However, the concentrations of some pollutants
in the area are still high and additional treatment is needed.
Therefore, local governments should take measures to control
pollutant emissions from agriculture and industry to improve
river water quality in the future [34-38].

14 - (2) CODyg

Predicated concentration (mg/L)

Predicated concentration (mg/L)

Sr @IN

Predicated concentration (mg/L)

0.1 02 0.3 0 5 10

Observed concentration (mg/L) Observed concentration (mg/L)

Figure 4: Scatter plots of observed and APCS-MLR-predicted concen-
trations of water quality
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Figure 5: Effects of pollution sources on river water pollution calculated
with the APCS-MLR model A) Contributions of sources to each water

quality parameters. B) Average contributions of pollution sources

Limitations of this Study

This study involves certain uncertainties since the methods, as
well as the data, are limited. Since the lack of water quality
data, this study does not provide a clear picture of changes in
the temporal scale of the main pollution sources. When further
information is available, additional research will be required
based on the factors mentioned above.

CONCLUSION

This study used PCA and correlation analysis to extract and iden-
tify potential pollution sources in the Huangpu River in Shang-
hai, China, and the APCS-MLR receptor model partitioned their
contribution to each quality variable. Overall, TN was the most
important pollution index in the river, which exceeded Class V
of China’s National Surface Water Quality Standard (GB3838-
2002). The results showed that PCA/FA identified five factors
responsible for river water quality degradation, accounting
for 86.2% of the total variation. The average contribution of
weather process, agricultural activity, industrial wastewater,
natural environmental sources, and domestic wastewater was
26%, 14%, 10%, 4%, and 4%, respectively. In the Huangpu River,
the main pollution sources shifted to weather processes, agri-
cultural activities, and industrial sources, indicating that the ar-
ea’s ecological environment has improved after long-term pol-
lution management and control. In consideration of this, the
study provided the following recommendations for improving
drainage systems, reinforcing livestock regulations, and reduc-
ing agricultural pollution in the study area.
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