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the game theory. Seven water quality parameters were investigated monthly along the main
stream of the Yongding New River from May 2018 to April 2019. Organic contaminants and
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nitrogen pollution were mainly caused by point sources pollution, and the total phosphorus
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mainly by non-point source pollution. Dramatic spatio-temporal variations of water quality
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parameters were jointly caused by different pollutant sources and hydrometeorological fac-
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tors. In terms of this study, an improved comprehensive water quality identification index
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(ICWQII) based on entropy weight or variation coefficient and traditional CWQII underes-

Combined weight

timated the water qualities, and an ICWQII based on the superstandard multiple method

Spatio-temporal variation

overvalued the assessments. By contrast, water qualities assessments done with an ICWQII

Yongding New River

based on the game theory matched perfectly with the practical situation. The ICWQII based
on game theory proposed in this study takes into account not only the degree of disorder
and variation of water quality data, but also the influence of standard-exceeded pollution
indicators, whose results are relatively reasonable. All findings and the ICWQII based on
game theory can provide scientific support for decisions related to the water environment
management of the Yongding New River and other waters.
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Sciences. Published by Elsevier B.V.
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Due to the booming global population growth and rapid economic development, water shortage and pollution issues became a worldwide ongoing concern (Hoekstra and Mekon-
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nen, 2012; Mikulcic et al., 2020; Vörösmarty et al., 2000). As
vital components of water resources, river systems are easily affected by complex anthropogenic activities and natural
factors. Water quality assessment of rivers is the basic work
of water environment management (Yun et al., 2009). The accurate evaluation of river water quality is critical in providing decision-makers with crucial information for the scientific
management and sustainable use of water resources.
Over the past decades, various water quality assessment
methods were used to characterize and evaluate riverine waters. These include the single-factor assessment (SF) (Ji et al.,
2016; Yang et al., 2020b), comprehensive pollution index (CPI)
(Ji et al., 2016; Liu et al., 2020b; Yang et al., 2020b; Zhang et al.,
2018), Nemerow pollution index (NPI) (Ji et al., 2016; Xu et al.,
2010; Yang et al., 2020b; Zhang et al., 2018), neural network
(NN) (Garcia-Alba et al., 2019; Liu et al., 2020b; Saber et al.,
2019), fuzzy comprehensive evaluation (FCE) (Chang et al.,
2001; Huang et al., 2010; Li et al., 2016; Yang et al., 2020b), and
comprehensive water quality indentification index (CWQII)
methods (Ban et al., 2014; Ji et al., 2016; Xu, 2005a; Yang et al.,
2020b), and have played active roles in the comprehensive
evaluation of the water environment. However, the SF method
considers only the maximum contributing factor, and does
not fully describe the overall water quality. The CPI method
is based on the premise that each assessment factor contributes equally to the overall water quality, which is not reasonable in the actual situation. The NPI method overemphasizes the influence of the most serious pollutant factors. The
calculation process of the NN method is complicated, limiting its application range. The FCE method can describe the
fuzzy characteristics of the water pollution degree but cannot characterize water quality conditions which are inferior
to Class V of Environmental Quality Standards for Surface Water (GB3838–2002). Especially, the comprehensive water quality identification index (CWQII) was verified to have good accuracy and reliability (Ban et al., 2014; Ji et al., 2016; Xu, 2005a;
Yang et al., 2020b), which can evaluate water quality both qualitatively and quantitatively (Chen, 2018; Yang et al., 2020b).
Furthermore, since it can also characterize water quality conditions inferior to Class V of GB3838–2002, it provides a more
reasonable assessment of the general water quality. However, the traditional CWQII is based on the equal weighting,
which neither reflects the disorder and dispersion degrees of
data nor highlights the impact of standard-exceeded parameters. The weights assignment of the water quality parameters
plays the primary role in water quality assessment, directly
affecting the evaluation results. Therefore, it is essential to
adopt different weighting methods to improve the traditional
CWQII. The traditional weighting methods were divided into
two categories: subjective and objective weighting methods
(Yang et al., 2020a). The subjective weighting methods, such
as the analytical hierarchy process (AHP) (He and Zhang, 2017;
Lv and Ji, 2019), had the advantage of simplicity but were subjective and arbitrary, depending completely on the experts’
personal experience and knowledge. In contrast, the objective weighting method determines weights by mathematical
analysis of the measured data, which is more objective and
theoretically reasonable. Generally, objective weighting methods such as the entropy weight method (Islam et al., 2020;
Ma et al., 2015; Wang et al., 2020a; Zou et al., 2006), variation co-
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efficient method (Chen et al., 2020; Cheng et al., 2019; Xu et al.,
2019), and superstandard multiple method (Cheng et al., 2019;
Huang et al., 2010; Zhou et al., 2009) were used mostly to
calculate the objective weights in previous studies. However,
each objective weighting method focuses on different aspects.
For example, the entropy weight method reflects the disorder degree of various indicators. The variation coefficient
method emphasizes the relative importance of each indicator
in the water quality evaluation. And the superstandard multiple method highlights the role of standard-exceeded pollution indicators to access water quality. Thus, it is difficult to
avoid one-sidedness and arbitrariness when using only one
weighting method. A combination of weights could provide alternative insights. In previous studies, the weights were combined in two ways: multiplicative model (Yang et al., 2020a)
and additive model (Alavipoor et al., 2016; Gao et al., 2020).
However, the multiplicative model for weighting combination
may result in a multiplication effect, which overevaluates big
weights and underevaluates small weights. Although the additive model overcomes the multiplication effect, there are
still difficulties in effectively determining the weighting coefficients. Game theory, as an effective method to solve conflicts
among two or more participants, has been widely applied in
various fields (Agi et al., 2020; Liu et al., 2020a; Wei et al., 2010;
Wu et al., 2014; Xu et al., 2019). Combination weighting by using the game theory regards the Nash equilibrium as the coordination goal and has the advantage of seeking consistency or
compromise between different weights determined by various
weighting methods. Thus, more scientific and reliable weights
are obtained by minimizing the respective deviations between
possible weights and individual basic weights (Liu et al., 2020a;
Yang et al., 2018). However, little attention has been paid to using the game theory to determine a combined weight which
would improve the traditional CWQII.
We focus here on the Yongding New River, which belongs to
the North Four River Plain of China and is essential in the industrial, agricultural, and ecological water supplies and flood
discharge of Tianjin. Due to the rapid industrial growth and
urbanization, the water usage for industry and agriculture in
this region is continuously increasing. Based on the Environmental Quality Report of Tianjin in 2001–2005, the Yongding
New River, North Canal, and South Canal received more than
70% of the wastewater of Tianjin, which was ultimately discharged into the Bohai Sea (Qi et al., 2011b). According to results of pollution discharge outlets surveys released by the
Tianjin Water Authority, there are 24 main drainage outlets
along the Yongding New River. The water quality of these
outlets is inferior to Class V of GB3838–2002. In addition, the
Yongding New River is a typical reservoir-like river with small
flow quality and slow flow rate (Zhang et al., 2013). Hence, its
self-purification capacity is poor and pollutants cannot be easily diffused and diluted (Zhang et al., 2013). As a result, the
Yongding New River faces a great number of environmental
problems including water quality deterioration and eutrophication. Distinctly, the water quality of the Yongding New River
affects not only the industrial, agricultural and ecological water supplies, but also influences the downstream water quality
of the Bohai Sea. However, previous studies of the Yongding
New River focused mainly on the pollution survey of persistent organic pollutants (POPs) in water (Wang et al., 2013),
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Fig. 1 – Study area and sampling sites for the Yongding New River.

sediments (Qi et al., 2011b) and receiving streams of wastewater effluents (Qi et al., 2011a, 2012) and the factor analysis
(Ji et al., 2013). A limited number of papers focused on assessing the water quality (Ji et al., 2013; Li et al., 2011; Liu et al.,
2010; Wang et al., 2012), but they were based on water quality data taken in 2009 (Li et al., 2011; Liu et al., 2010) and
2011 (Wang et al., 2012), which drastically changed since then.
In addition, the water samples were collected only in May, August, and November 2009 (Li et al., 2011; Liu et al., 2010), and
May 2011 (Wang et al., 2012), and their sampling sites were
distributed only in the lower reach of the Yongding New River.
That is to say, there is no relevant report on the assessment
of year-round water quality of the whole main stream of the
Yongding New River. Moreover, riverine water quality is highly
dynamic and the premise for accurately evaluating it is collecting time series of samples. The year-round water quality
investigation of the whole main stream of the Yongding New
River is crucial for the scientific evaluation of water quality
and the seasonal scientific allocation of water resources.
In view of the above considerations, the main objectives of
this work were to (1) analyze the year-round spatio-temporal
variations of water quality in the Yongding New River; (2)
identify the relationship between the water quality parameters and meteorological factors; (3) put forward improved
CWQII (ICWQII) methods by adopting the combined weighting method based on game theory; and (4) evaluate the
water quality by ICWQII and traditional CWQII. All the results obtained in this study will offer useful tools for water quality assessment. In addition, they are expected to provide a reasonable guideline for optimized decision-making,
to support the water environmental protection and water resource management of the Yongding New River and other
waters.

Fig. 2 – Monthly mean precipitation and temperature in
Tianjin, China (1981–2010).

1.

Material and methods

has a length of 63 km. It originates at Qujiadian, which is
the confluence of the Yongding River and the North Canal,
and discharges into the Bohai Sea. The Chaobai New River
and the Jiyun River, also located in the northern part of the
Haihe River Basin, join the Yongding New River before discharging into the Bohai Sea, potentially playing a vital role in
the transport of pollutants to the nearby coast environment.
The Yongding New River lies in a temperate sub-humid continental monsoon climate zone, with dry and cold winters and
humid and hot summers. According to Tianjin’s surface climate standard value data from the National Meteorological
Information Center (http://www.nmic.cn/) between 1981 and
2010, the annual average monthly temperature ranges from
−1.2 to 26.8°C, and the annual average monthly rainfall ranges
from 2.5 to 149.8 mm (Fig. 2). Most precipitation occurs between June and September, thus, the Tianjin Water Authority
regards the period from June to September as the flood season,
and the other periods as the non-flood seasons.

1.1.

Study sites

1.2.

The Yongding New River is located in the north-central of
Tianjin, China (Fig. 1). The river was excavated in 1971 and

Sampling and chemical analysis

Water samples were collected monthly, at seven monitoring
sites, from May 2018 to April 2019, at a sampling depth of
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0.5 m below the water surface. No sample was collected during January and February, since the river undergoes freezing
these two months. The samples were collected in pre-cleaned
sampling bottles and stored at 4°C before analysis. The basic information of the seven sampling sites is shown in Appendix A Table S1. In view of the pollution features and traditional water quality indicators in China, to assess the water quality of the Yongding New River we selected the following indicators: dissolved oxygen (DO), chemical oxygen demand (CODCr ), potassium permanganate index (CODMn ), fiveday biochemical oxygen demand (BOD5 ), ammonia nitrogen
(NH3 -N), total phosphorus (TP) and total nitrogen (TN). The
DO was analyzed at the sampling sites, and the other indicators were measured in the laboratory. All the analysis were
performed within one week. Appendix A Table S2 shows the
specific analytical method and standard used for seven water
quality parameters. Appendix A Table S3 contains the results
of the analysis of all samples.

1.3.

Water quality assessment methods

1.3.1. Comprehensive water quality identification index
(CWQII)
The comprehensive water quality identification index
(Ban et al., 2014; Ji et al., 2016; Xu, 2005a; Yang et al., 2020b)
consists of an integer number and three or four decimal
fractions. This index can be expressed as:
Iwq = X1 .X2 X3 X4

(1)

The meaning and calculation process of each digit are as
follows:
(1) X1 is on behalf of the comprehensive classification of water quality. X2 is the location of water quality within the
variation range of Class X1 .
X1 .X2 can be calculated as follows:
n
1 
Pi
n

X 1.X 2 =

(2)

i=1

(a) If the water quality falls between Class I and Class V,
then for all the parameters except DO:
Pi = j +

Xi − Si j min
Si j max − Si j min

(3)

And for DO,
Pi’ = j +

Sij max − Xi
Sij max − Sij min

(4)

(b) If the classification of water quality is inferior to Class
V, for the parameters except DO,
Pi’ = 6 +

Xi − Si5 max
Si5 max

(5)

And for DO,
Pi’ = 6 +

Si5 min − Xi
Si5 min

(6)

Table 1 – Classification standards for comprehensive water quality identification index.

ClassificationPollution description
Class I
Class II
Class III
Class IV
Class V
Inferior to
Class V
Inferior to
Class V

Clean
Slightly polluted
Moderately polluted
Heavily polluted
Seriously polluted
Very seriously polluted, but
neither black nor
malodorous
Very seriously polluted, also
black and malodorous

Comprehensive water
quality indentification
index (X1 .X2 )
1.0–2.0
2.0–3.0
3.0–4.0
4.0–5.0
5.0–6.0
6.0–7.0

>7.0

where Pi ’is the single-factor water quality identification index (SFWQII) (Xu, 2005b) of j = 1, 2, 3, 4, and 5 for Classes
I, II, III, IV, and V, respectively; Xi is the measured value
of parameter i; Sij is the standard value of parameter
i for Class j, Sij min is the lower limit value of parameter i for Class j standard value, and Sij max is the upper
limit value of parameter i for Class j standard value. It is
worth mentioning that Pi ’ is valued by the integer part
and one decimal place of the SFWQII.
(1) X3 indicates the total number of parameters which are inferior to the target of the water environment functional
zone. For example, if only one parameter involved in the assessment does not meet the water quality standard of the
water environment functional zone target, then X3 could
be assigned the integer value 1.
(2) X4 is used to judge whether the comprehensive water
quality classification is inferior to the category of water
environment functional zone. Classification standards for
CWQII are listed in Table 1.
If the comprehensive water quality classification is inferior
to the category of water environment functional zone and X2
= 0, then X4 = X1 – f.
If the comprehensive water quality classification is inferior to the category of water environment functional zone and
X2 = 0, then X4 = X1 – f – 1. where f is the category of water environment functional zone.
It is worth mentioning that, in this study, the Environmental Quality Standard for Surface Water (GB3838–2002; Appendix A Table S4) is used as the classification standard during
the calculation of the Iwq values; details of the GB3838–2002
are explained in the supplementary materials. Since the calculation of X3 and X4 is based on targets and categories of the
water environment functional zone, details of the water environment functional zone in the Yonding New River are elaborated here. Referring to the Water Function Zoning Report of
the Haihe River Basin in Tianjin (Confidential and proprietary
materials of Tianjin Water Authority), the Yongding New River
is divided into two sections: a water function level I zone (from
Qujiadian to Dazhangzhuang) and two water function level II
zones (from Dazhangzhuang to Ebb gate) (Fig. 1). The desired
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water quality of the water function level I and the water function level II zones are Class IV and Class V, respectively. Therefore, Class IV and Class V are regarded as targets of the water
environment functional zones for site 1˜3 and site 4˜7, respectively.

1.3.2. Improved comprehensive water quality identification index (ICWQII)
The improved comprehensive water quality identification index is expressed as follows:
n


X 1.X 2 =

Wi Pi

(7)

The calculation formula is as follows:
σi
m
i=1

wi =

(13)

σi

where σ i is the population standard deviation of the actual
measured concentration of parameters; i is the water quality
parameter (i = 1, 2, 3 … m); wi is the weight of parameter i, 0 ≤
wi ≤ 1,

m

i=1

wi = 1.

(1) Weights of parameters calculated by the superstandard
multiple method (Cheng et al., 2019; Huang et al., 2010;
Zhou et al., 2009)

i=1

where Pi ’is the single-factor water quality identification index (SFWQII) (Xu, 2005b) of j = 1, 2, 3, 4, and 5 for Classes I,
II, III, IV, and V, respectively; Wi is the weight of water quality
parameter i by using different weighting methods.
First, the entropy weight, variation coefficient, and superstandard multiple methods were used to calculate the objective weights, respectively.
(1) Weights of parameters calculated by the entropy weight
method (Islam et al., 2020; Ma et al., 2015; Wang et al.,
2020a; Zou et al., 2006)
First, all the original data were standardized by translationrange transformation and the original data matrix was transformed into the standardized matrix, as follow:
⎡

R=



ri j


m×n

r11
⎢ .
=⎢
⎣ ..
rm1

···
..
.

⎤
r1n
. ⎥
. ⎥
. ⎦

···

rmn

(8)

Then, the entropy (Hi ) of the parameter i was defined as follows:
Hi = −k

n


fi j In fi j

(9)

j=1

fi j =

ri j
n
j=1 ri j

(10)

k = 1/In n

(11)

as fi j = 0, fi j In fi j = 0where i is the water quality parameter
(i = 1, 2, 3… m); j is the evaluation object (j = 1, 2, 3… n); m and
n, separately, indicate the number of assessment parameters
and evaluation objects, respectively. According to the assessment parameters and evaluation objects in this study, m = 7
and n = 70.
Further, the weight of parameter i could be calculated by
the following formula:
1 − Hi
wi =
m− m
i=1 Hi
where wi is the weight of parameter i, 0 ≤ wi ≤ 1,

(12)
m
i=1

wi = 1.

(1) Weights of parameters calculated by the variation coefficient method (Chen et al., 2020; Cheng et al., 2019; Xu et al.,
2019)

For all parameters except DO,
wi =

Ci /Si
m
i=1 Ci /Si

(14)

Regarding DO, if the water quality belongs to Class I, the superstandard multiple is zero, and if the water quality is inferior
to Class I, the superstandard multiple is calculated by the following formula:
SDO =

S1 − CDO
S1 − S5

(15)

where wi is the weight of parameter i, 0 ≤ wi ≤ 1,

m
i=1

wi = 1; Ci

is the average value of actual measured concentration of parameters; i is the water quality parameter (i = 1, 2, 3… m); Si
indicates the average value of all category standards of parameter i; SDO represents the superstandard multiple of DO; S1 and
S5 are the standard values of Class I and Class V, respectively.
After calculating different objective weights by the above
methods, combined weights based on game theory (Liu et al.,
2020a; Xu et al., 2019) were calculated by following specific
steps.
(1) Suppose L methods are used to weight the indicators separately and obtain L indicator weight vectors:
w(k ) = wk1, wk2, . . . , wkm , k = 1, 2, . . . , L

(16)

where wki (i = 1, 2, . . . , m) is the weight of parameter i obtained by using the L-th weighting method. In this study, the
above three weighting methods were used to calculate the objective weights, thus L = 3.
(1) Let the arbitrary linear combination of L weight vectors be
defined as follows:
⎛
⎞
L
n


w=
αk wTk , ⎝αk > 0,
αk = 1⎠
(17)
k=1

k=1

where α k is the linear combination coefficient; w represents
the set of possible weight vectors.
(1) According to the game aggregation model, finding the most
satisfactory weight vector boils down to optimizing the coefficients α k of the L linear combination in Eq. (17), so that
the deviation between w and each w(k) is minimized.
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Then, the following model is obtained:


 L


T
T

min
αk w k − w ( k ) 
 , ( k = 1, 2, . . . , L )
k=1


Table 2 – Descriptive statistics of water quality parameters in Yongding New River.
(18)
Parameter

Maximumc
(mg/L)

Minimum
(mg/L)

Mean
(mg/L)

SD
(mg/L)

CV (%)

DO
CODMn
CODCr
BOD5
NH3 –N
TP
TN

13.60
12.85
131.00
17.50
1.88
1.79
5.98

3.79
3.72
11.40
5.60
0.19
0.06
1.07

8.60
8.29
38.21
11.16
0.72
0.30
2.62

2.37
2.34
18.01
2.69
0.38
0.31
1.14

27.55
28.28
47.15
24.14
52.94
103.60
43.47

2

(1) According to the differential properties of the matrix, the
optimal first-order derivative condition of Eq. (18) can be
obtained as follow:
L


αk wi wTj = wi wTi , (k = 1, 2, . . . , L)

(19)

k=1

The matrix form of Eq. (19) is as follow:

SD: standard deviation, CV: variation coefficient.

(20)
where i and j in Eq. (19) means i rows and j columns in the
matrixes of Eq. (20).
(1) Weight coefficients (α1 , α2 , . . . , αL ) are obtained by solving
the Eq. (20), and then the coefficients α k ∗ of the most satisfactory weight w∗ are calculated by normalization:
αk∗ = αk /

L


αk

(21)

k=1

Finally, the most satisfactory combined weights are calculated
as follow:
w∗ =

L


αk∗ wTk

(22)

k=1

1.4.

Data treatment methods

In this study, IBM SPSS Statistic 21 was used to perform the descriptive statistics and Pearson’s correlation analysis. Matlab
R2016b was adopted to calculate the weights of parameters
based on game theory and entropy weight. Arc Map 10.3 was
used to draw the figures illustrating the study area and sampling sites. Origin Pro 8.5 and Microsoft Excel 2016 were used
to make the other figures and for data analysis, respectively.

2.

Results and discussion

2.1.
Basic descriptive statistics of water quality
parameters
The descriptive statistics of all measured parameters of all water samples in the Yongding New River are summarized in
Table 2; as shown, variation coefficient values ranged from
24.14% to 103.60%, which implies that significant variabilities of water quality parameters were distributed in the water samples. Moreover, according to GB3838–2002, the mean
concentration of TP was equal to the standard of Class IV,
the mean concentration of CODCr belonged to Class V, and
the mean concentrations of BOD5 and TN exceeded Class V.

These results indicate that the average water quality of the
river was not adequate even for agricultural and general landscape water. Fortunately, the average value of DO was higher
than the standard of Class I, which was suitable for the growth
of aquatic organisms and biological activities. The mean concentration of NH3 –N was lower than the standard of Class III,
which may be due to NH3 –N being consumed by active aquatic
organisms (Duan et al., 2016).

2.2.
Spatio-temporal variation of water quality
parameters and pollution analysis
Fig. 3 illustrates the inter-monthly variation of seven water
quality parameters in the Yongding New River from May 2018
to April 2019. Table 3 displays the Pearson’s correlation between water quality parameters and hydrometeorological factors (flow, rainfall, and temperature). Appendix A Fig. S1 shows
the variation of monthly water flow at the Qujiadian Gate.
As shown in Fig. 3a, the DO concentrations are lower in
July and August than during other months; also, DO has a
strong negative Pearson’s correlation with flow, rainfall, and
temperature (Table 3). The variation of DO could be explained
in two respects. First, high temperature, heavy rainfall, and
large flow could decrease the oxygen solubility by a physical effect (Ringler and Hall, 1975). Second, an increased oxygen demand of the aquatic organisms (organic matter) in the
river, at higher temperature, may also cause a DO decrease
(Ringler and Hall, 1975).
Generally, CODMn , CODCr and BOD5 are indicators of organic pollution. As exhibited in Fig. 3b–d, most of CODCr concentrations exceed the limit of Class IV and V, and majority
of BOD5 concentrations are higher than Class V. These results imply that the Yongding New River was seriously polluted by organic contaminants. Previous studies also indicated
that high levels of organic pollutants were distributed in the
sediments and streams of the Yongding New River (Li et al.,
2013; Qi et al., 2012). Moreover, the strong positive correlations between BOD5 and CODMn , CODCr (Table 3) indicate that
different organic pollutants of the Yongding New River are
strongly interdependent. There was no significant correlation
between indicators of organic pollution and meteorological
factors (rainfall and temperature), implying that the organic
pollution of the Yongding New River originates mostly from
point sources. However, BOD5 and CODMn displayed a significant correlation with the flow. It is worth mentioning that the
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Fig. 3 – Boxplots illustrating distribution of (a) DO (mg/L); (b)
CODCr (mg/L); (c) CODMn (mg/L); (d) BOD5 (mg/L); (e) NH3 –N
(mg/L); (f) TP (mg/L); and (g) TN (mg/L) at 7 sampling sites in
the Yongding New River from May 2018 to April 2019.

flow data used in this study is the monthly flow of Qujiadian
Gate (Appendix A Fig. S1), where the Yongding New River originates. As shown in Fig. 2 and Appendix A Fig. S1, the high flows
of Qujiadian Gate in March and December were not caused by

rainfall, but by discharge water coming from upstream. According to the Water Function Zoning Report of the Haihe
River Basin in Tianjin (Confidential and proprietary materials
of Tianjin Water Authority), water is often diverted from upstream in early winter and early spring, to maintain the ecological water demand of rivers in Tianjin. Thus, this indicates
that part of the organic pollutants came, possibly, from the
upstream river. As shown in Fig. 3b–d, generally, the concentrations of the indicators of organic pollution increased from
spring (March, April and May) to summer (June, July and August), and decreased from summer to autumn (September, October and November). The minimum concentrations of indicators of organic pollution occurred in November. These variations fitted well with the monthly mean precipitation (Fig. 2).
However, the concentrations of indicators of organic pollution
increased again in December (Fig. 3b–d), when so did also the
Qujiadian Gate flow (Appendix A Fig. S1), strengthening the argument that the organic pollution in December was probably
caused from upstream.
TP was mainly from tertiary industries, food and beverage industries, domestic sewage from residential areas, and
the phosphate fertilizer used in farms (Huang et al., 2010).
Fig. 3f shows that values of TP were extremely high in August, exceeding the standard of Class V by 2.2˜4.5 times. As
illustrated in Fig. 2, high TP concentrations of the river during
high rainfall seasons may be ascribed to the agricultural nonpoint source pollution washed into the river by storm runoff
(Ahn and Lyu, 2020). As shown in Table 3, TP had a strong
positive correlation with flow, rainfall, and temperature, and
a strong negative correlation with DO. The reason may be ascribed to four aspects. First, there are 24 main drainage outlets
along Yongding New River. According to official government
documents such as “opinions on further strengthening the
supervision and management of drainage outlets of rivers”,
the Tianjin government had strictly implemented supervision
of rivers drainage outlets. Except for draining flood water in
flood seasons, none of the drainage outlets are allowed to be
open. In other words, in non-flood seasons, no drainage outlets are allowed to discharge water into the Yongding New
River. During the flood season, large quantities of polluted water mixed with rainwater are flow into the river through the
drainage outlets. Second, intensive rainfall events occur dur-

Table 3 – Pearson correlation coefficients between water quality parameters and hydrometeorological factor.a .

Flow
Temperature
Rainfall
DO
CODCr
CODMn
NH3 -N
BOD5
TP
TN
a ∗∗

Flow

Temperature

Rainfall

DO

CODCr

CODMn

NH3 –N

BOD5

TP

TN

1
0.415∗∗
0.71∗∗
−0.626∗∗
0.041
0.511∗∗
−0.071
0.241∗∗
0.749∗∗
−0.341∗∗

1
0.832∗∗
−0.689∗∗
0.199
0.09
0.207
−0.048
0.523∗∗
−0.76∗∗

1
−0.725∗∗
0.047
0.103
0.136
0.029
0.583∗∗
−0.665∗∗

1
0.053
−0.116
0.033
0.109
−0.64∗∗
0.655∗∗

1
0.449∗∗
−0.226
0.427∗∗
0.03
−0.091

1
0.2
0.726∗∗
0.319∗∗
−0.107

1
0.23
−0.028
−0.165

1
0.099
−0.058

1
−0.408∗∗

1

, correlation is significant at the 0.01 level (2-tailed); water quality parameters (mg/L); flow, the total monthly flow of the Qujiadian Gate;
rainfall, the annual average monthly rainfall between the years of 1981–2010 (mm); temperature, the annual average monthly temperature
between the years of 1981–2010 ( °C).
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Fig. 4 – Comparison of single-factor water quality identification index (SFWQII) for different water quality parameters in the
Yongding New River from May 2018 to April 2019. (a) ˜ (b) are mean values of SFWQII at different months; (c) ˜ (d) are mean
values of SFWQII at different sites.

ing the flood season (Fig. 2), and the surface runoff caused by
rainfall may bring a lot of phosphorus pollutants into the river
(Ross et al., 2019). Third, microbial vitalities are enhanced during summer. The increased oxygen consumption decreases
the redox potential in sediments, which promotes to the release of iron-combined phosphorus from sediments (Xue and
Lu, 2015). Fourth, enhanced microbial activities contribute to
the conversion of sedimental organic phosphorus into inorganic phosphorus, which is then released into the overlying
water (Holdren and Armstrong, 1980; Xue and Lu, 2015). The
strong positive correlation between TP and CODMn reveals
their coincident input pathway.
Previous studies have shown that nutrient pollution (ammonia nitrogen and total nitrogen) originates mainly from
non-point pollution sources related to agricultural activities
and atmospheric deposition and point pollution sources including municipal effluents and fertilizer plant wastewater
(Richardson et al., 2019; Wang et al., 2020b). NH3 –N was not
correlated with any other parameters (Table 3), demonstrating that the high concentration of NH3 –N was mainly caused
by point source pollution including municipal effluents and
fertilizer plant wastewater (Richardson et al., 2019; Xia et al.,
2018). As shown in Fig. 3g, concentrations of TN were obviously

lower in the flood season than in the none-flood season. And
TN had a strong negative correlation with the rainfall and water flow (Table 3), indicating that precipitations eventually diluted the concentration of nitrogen pollutants. Since the point
source pollution was considered susceptible to the dilution effect of rainwater (Ahn and Lyu, 2020), it is inferred that the nitrogen pollution of the Yongding New River originates mainly
from point source pollution.
In addition, SFWQII (Pi ’) was used to analyze the distribution of major pollutants in previous studies (Xu, 2005b;
Yang et al., 2020b). To further analyze the pollution status
of the Yongding New River, mean values of Pi ’ for different parameters were calculated; the results are presented in
Fig. 4 and suggested that TN and BOD5 are primary pollutants,
with Pi ’ average values higher than 6.0. CODCr showed a slight
Pi ’ decrease, with average value of 5.37. The mean Pi ’ values
of CODMn and TP were 4.52 and 4.45, respectively. Additionally,
the mean Pi ’ value of NH3 –N was 3.41, revealing a relatively
low pollution of ammonia nitrogen. Combined with the low
average SFWQII value of DO (Pi ’ = 2.17), it reveals that NH3 –N
and DO generally meet the standard of the water environment
functional zone target. In addition, Fig. 4 also indicates that
the variation of water quality indicators by month is signif-
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Table 4 – Weights of different parameters by using different weighting methods.
Weights

Parameter

Entropy
weight
method

Variation
coefficient
method

Superstandard
multiple
method

Game
theory

DO
CODMn
CODCr
BOD5
NH3 –N
TP
TN

0.072
0.090
0.122
0.081
0.149
0.323
0.163

0.010
0.165
0.116
0.073
0.223
0.152
0.261

0.084
0.144
0.086
0.162
0.074
0.317
0.133

0.051
0.170
0.100
0.121
0.152
0.222
0.185

icantly higher than their changes as a function of the sampling sites. Interestingly, SFWQII (Pi ’) values of BOD5 showed
no significant changes with the sampling month or location,
indicating that organic pollutants represented by BOD5 may
originate partly from internal pollution sources such as the
release of organic pollutants from sediments. Previous study
showed that PAHs desorbed more rapidly from the Yongding
New River sediments than that from the South Canal (Qi et al.,
2011b), and the PAHs absorbed in non-BC (Black Carbon) organic matter in sediments were easily desorbed and released
into the water (Qi et al., 2011b).
To sum up, the spatio-temporal variation of the water quality in Yongding New River was influenced by both human activities and natural factors.

2.3.

Water quality assessment of CWQII and ICWQII

The comprehensive water quality identification indexes in
different months and sampling sites of the Yongding New
River were calculated and analyzed separately. Weights of different assessment parameters obtained by different weighting methods (Table 4) showed that combined weights based
on game theory were the compromise of other three weighting
methods, displaying the most satisfactory combined weights.
Results of CWQII and ICWQII by different weighting methods
are shown in Fig. 5.
On the one hand, there were some similar variation tendencies in different Iwq values of CWQII and ICWQII.
As seen in Fig. 5a, 5c, 5e, 5g, and 5i, values of Iwq at site
1˜3 were generally lower than these of site 4–6, showing that
the downstream water quality was worse than that of the upstream. The reason may be the gradual accumulation of pollutants along the flow path. All Iwq maximum values occurred
at site 7, which could be ascribed to its location in the Binhai New Area of Tianjin. There are a great many chemical and
petrochemical industries in the Binhai New Area. These companies discharge large quantities of sewage water, polluting
the local rivers in various degrees (Xie et al., 2011). The second
highest values of Iwq were distributed in site 4. The possible
reason is that there is a confluence of the Beijing Sewage River
between site 3 and site 4, which directly deteriorated the water
quality of site 4. It was reported that large amounts of urban
sewage and industrial wastewater carrying various pollutants

Fig. 5 – Comprehensive water quality identification index
(CWQII) and improved comprehensive water quality
identification index (ICWQII) based on different weighting
methods of the Yongding New River from May 2018 to April
2019.

were discharged into the Beijing Sewage River (Ji et al., 2013;
Zhang et al., 2005). Hence, various pollutants flowed into the
Yongding New River through the Beijing Sewage River.
As shown in Fig. 5b, 5d, 5f, 5h, and 5j, values of Iwq varied
obviously with the sampling time. As a whole, values of Iwq
reached the maximum in August, indicating a strong deterioration of water quality. By contrast, values of Iwq fell to the
minimum in November, showing the best water quality of the
river. This result provides a reference for the scientific allocation and rational use of water resources seasonally in the
Yongding New River.
On the other hand, there were evident differences among
the Iwq values of CWQII and ICWQII.
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First, as exhibited in Fig. 5a˜b, the values of Iwq ranged
mostly from 4.020 to 4.940, indicating heavily polluted and
Class IV water quality (Table 1). However, values of Iwq in August varied between 5.030˜5.730, showing Class V water quality and seriously polluted condition. The values of Iwq fluctuated between 2.910˜4.020 in November, displaying a Class III
water quality and moderately polluted status. Interestingly,
by using the traditional CWQII likewise, results obtained for
the year 2009 were exactly opposite to the ones obtained in
this study (Li et al., 2011). The previous study exhibited a low
value of Iwq (3.710) in August, but a high value of Iwq (6.831)
in November (Li et al., 2011). This implies that the water quality significantly varied over time, demonstrating the necessity
to carry out time-efficient assessments of the riverine water
quality, for rational allocation of water resources. In addition,
in May 2009, the Iwq values of the lower reach of the Yongding
New River were as high as 6.721˜9.654, displaying water qualities inferior to Class V, including being malodorous and black
colored (Li et al., 2011; Liu et al., 2010). Compared with values of Iwq ranging between 4.700˜5.230 in May 2018, it proves
that the water quality of the Yongding New River improved remarkably in the past 10 years. These achievements may have
benefited from the comprehensive promotion of the "Beautiful Tianjin•No. 1 Project: Tianjin Qingshui River Action Plan"
since 2013 (Government, 2013), and the “Action Plan for Prevention and Control of Water Pollution” since 2015 (Zhu et al.,
2018).
Second, as shown in Fig. 5c˜d, although the Iwq values of
ICWQII based on entropy weight were slightly higher than
these of the traditional CWQII, their variation trends and classification results were basically consistent. Previous studies
have also shown that the entropy weight method has the disadvantage of equalization (Cheng et al., 2019; Xu et al., 2019),
resulting in evaluation results similar to the traditional CWQII.
As illustrated in Fig. 5g˜h, the fluctuation range of the Iwq values of the ICWQII based on variation coefficient was slightly
larger than the traditional CWQII and ICWQII based on entropy weight. However, the variation trends and classification results were consistent with the two former methods.
Several studies got similar assessment results by using the
entropy weight and variation coefficient method (Wang and
Song, 2003; Wu, 2016), while other studies got different results
(Cheng et al., 2019; Liu and Zou, 2012), depending on the dispersion degree of data. As illustrated in Fig. 5e˜f, the Iwq values of ICWQII based on superstandard multiple method were
ranging mostly between 5.010˜5.941, indicating water quality of Class V and seriously polluted situation. Particularly,
the water quality of site 7 in August (Iwq = 6.131) was inferior to Class V and was very seriously polluted. Moreover,
the Iwq values ranged from 3.410 to 4.820 in November, displaying a Class IV water quality. Therefore, the ICWQII based
on superstandard multiple method assessed the water quality of the Yongding New River mostly as Class V. It unveiled
that the water quality grade would increase when standardexceeded parameters were highlighted. The previous study
also revealed that an ICWQII based on superstandard multiple
method overestimated the results (Cheng et al., 2019). Similar conclusions were also reported in other literatures (Fu and
Zou, 2017; Wang et al., 2016), because superstandard multiple
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weighting would overvalue the weight when the concentration of pollution indicator exceeds the standard.
Third, as seen in Fig. 5i˜j, the majority of Iwq values obtained
with the ICWQII based on game theory ranged between 4.0
and 6.0, suggesting Class IV and V water quality. The November Iwq values ranged from 3.210 to 4.320, displaying Class III
and IV water quality. The March Iwq values ranged from 4.510
to 4.920, indicating Class IV water quality. Moreover, the August values of Iwq varied between 5.231 and 6.230, showing water quality of Class V or inferior. Evidently, the ICWQII based
on game theory takes into account not only the degree of disorder and variation of the water quality data, but also the influence of standard-exceeded pollution indicators, producing
relatively moderate and fairly reasonable results.
Based on the above analysis, in terms of this study, the
ICWQII based on entropy weight, the ICWQII based on variation coefficient, and the traditional CWQII underestimate the
values of Iwq to a certain extent, while the ICWQII based on
superstandard multiple method overvalue the assessment results. By contrast, the ICWQII based on game theory produces
more reasonable results, closer to the water quality data observed in the field. Also, it proves that the division of the water functional zones and the targets determining of the different functional zones of the Yongding New River by the
Tianjin municipal government are fairly scientific and reasonable. Nonetheless, each method has pros and cons, the ICWQII
based on game theory put forwarded in this study also has
room for further optimization. Given that this method calculates the combined weight by three objective weighting methods, other mathematical methods will be further tried to modify the combined weight in the future.
In addition, although the water quality of the Yongding
New River has improved compared with ten years ago, it is
still not optimistic overall. Therefore, some positive and necessary initiatives are suggested to improve the water quality
of the Yongding New River. First, the sewage interception engineering should be further carried out to drainage outlets along
the Yongding New River. Second, the project of the water system connection should be implemented so that the Yongding
New River could flow effectively instead of being reservoirlike. Third, some effective measures should be taken to improve the water quality of inflow rivers, especially the Beijing
Sewage River. In addition, point source pollution should be
curbed by inspecting illegal emissions. In particular, rational
evaluation methods of the water quality are crucial for improving the management system of the water resources. The
ICWQII based on game theory proposed in this study could
provide an effective method to assess the water quality conditions of the Yongding New River and other water bodies.

3.

Conclusions

The results of this study are summarized as follows:
(1) Significant spatio-temporal variations of the water quality
parameters occurred in the Yongding New River from May
2018 to April 2019. The worst water quality was recorded
in August and the best in November. The downstream wa-
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ter quality were inferior than that of the upstream. TN
and BOD5 were the primary pollutants, followed by CODCr ,
CODMn and TP. The NH3 –N pollution was relatively slight.
(2) The Yongding New River was seriously polluted by organic
contaminants, which originated mostly from point source
pollution and partly from the internal source pollution
and upstream. The extremely high values of the TP in August were due to non-point source pollution through storm
runoff and drainage outlets, and phosphorus released from
sediment. Nitrogen pollution originated mainly from the
point source pollution.
(3) In terms of this study, the ICWQII based on entropy weight
or variation coefficient methods and the traditional CWQII
underestimate the assessment classifications. The water
quality was determined to be mostly of Class IV and in
heavily polluted situations. Class V water quality and seriously polluted conditions in were found in August, while
Class III water quality and moderately polluted statuses
in November. The ICWQII based on superstandard multiple method overvalues the assessment results, determining mostly Class V water quality and seriously polluted situation. In addition, Class IV water quality was determined
in November.
(4) The ICWQII based on game theory, by adopting the most
satisfactory combined weights, obtained relatively reasonable assessment results. By this method, the water quality
was mostly assessed as Class IV and V, which fitted with
the practical situation. Thus, the ICWQII based on game
theory is expected to be an effective tool for assessing the
water quality of the Yongding New River and other water
bodies.
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