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Abstract: Urban river not only has the important function in urban hydrological 

environment, but also is an area for entertainment. Water quality assessment is the core 

technique in water resource management. As the typical urban river, water samples 

were collected at 5 sampling points in Xi’an moat from January 2018 to December 2020, 

and 10 physicochemical parameters were analyzed. In this paper, a comprehensive 

water quality index (WQI) is designed based on the criterion of water quality classes 

and entropy weight method firstly. Secondly, the crucial water quality parameters is 

determined by using mutual information, coefficient of variation and the water quality 

classes. Finally, an enhanced beetle antennae search algorithm is proposed to optimize 

the weight values of the crucial parameters in the range 0 to 1, which represent the ratio 

of the crucial parameter in the minimum WQI (WQImin) model. The WQImin models 

with the various crucial water quality parameters are implemented for water quality 

assessment. The effectiveness and superiority of the proposed enhanced beetle antennae 

search algorithm are validated in comparison with other evolutionary algorithms. The 

results show that the proposed WQImin model can assess the water quality accurately.  



Keywords: water quality index, mutual information, coefficient of variation, beetle 

antennae search algorithm. 

1. Introduction 

Urban river plays a crucial role in urban development and in the ecological 

environment maintenance [1]. With the increase of urbanization levels, urban river is 

highly affected by human interference [2]. Human activity will deteriorate the water 

quality of urban river. Meanwhile, the water quality of urban river in turn influences 

city life [3]. As a large developing country, Chinese cities have a salient contradiction 

between water quality conservation and urban development, especially in the northwest 

cities with the limited water resources. To realize sustainable and coordinated 

development of water resources, it is urgent to carry out scientific and comprehensive 

water quality assessment, and provide insights for subsequent pollution control [4]. 

Water quality index (WQI) is an effective manner to depict the state of water 

quality and to estimate classes of water quality [5]. Chinese government published a 

standard, namely Environmental Quality Standards for Surface Water (GB 3838-2002), 

to divide the water quality into six classes according to the defined thresholds of the 

physicochemical parameters [6]. On the basis of the published standard, the WQI is 

determined by the worst water quality parameter [7]. According to Chinese published 

standard, Xu [8] proposed a comprehensive WQI for urban river water quality 

assessment by using 5 physicochemical parameters. Different from using Chinese 

standard, a comprehensive WQI in the range of 0 to 100 was built by using 15 

physicochemical parameters and empirical weights [9]. Another WQI in the range of 0 



to 300 was designed by using 16 parameters and the empirical weights [10]. However, 

these WQIs only can be used to assess the water quality in a certain environment [11]. 

Obviously, different scales, various water quality parameters and manual weights are 

the main factors restricting the application of these WQIs.  

Although some studies designed the WQIs within the range of 0 to 100, these 

WQIs set different thresholds to determine the water quality classes [12]. To overcome 

the defect of manual weights, the entropy weight method is adopted to assign the 

weights to various water quality parameters automatically [13]. However, the entropy 

weight method neglects the importance of the overproof parameters and may allocate 

approximate weights to different parameters. So, the ratio of the measured value to 

standard value of different water quality parameters is defined as the weights to model 

the WQI [14]. To use WQI easily, many researches focus on developing WQImin model 

which only consists of few crucial water quality parameters. In [15, 16], the crucial 

parameters were selected from heterogeneous water quality parameters to build 

WQImin by using stepwise multiple linear regression analysis. In [17], artificial neural 

network was applied to construct the WQI for water quality assessment. The results 

show that stepwise multiple linear regression analysis and artificial neural network can 

build an accurate WQI by using few water quality parameters [18, 19]. However, these 

methods will assign the negative weight or the extreme weight to the water quality 

parameter, which will loss the physical meaning of WQImin. 

To address the aforementioned problem, this paper designs a criterion to decide 

the water quality classes for various parameters. Then, the comprehensive WQI is 



developed by using entropy weight and water quality classes. The physicochemical 

parameters with minimized mutual information, maximum coefficient of variation and 

maximum water quality difference are selected as the crucial water quality parameters. 

Finally, an enhanced beetle antennae search (BAS) algorithm is proposed to optimize 

weights of the crucial parameters under the designed constraint, on the basis of which 

to build the WQImin model for water quality assessment. 

The rests of this paper are organized as follows. Section 2 introduces the study 

area and the data source. Section 3 details the proposed methodology for building WQI 

and WQImin. Section 4 presents experimental results and discussion. The conclusion 

is summarized in Section 5. 

2. Study area and materials 

2.1 Study area 

This paper focuses on the urban river water quality assessment. As the largest city 

in northwest China, Xi’an (107.4–109.49°E, 33.42–34.45°N) is located in the center of 

the Guanzhong plain to the south of the Qinling mountains. Xi’an moat is a typical 

urban river which not only has the function of interception, storage, drainage functions, 

but also is a place for people’s living. The weather is temperate semi humid continental 

monsoon climate. It is hot and rainy in summer, while cold and dry in winter. The total 

length of Xi’an moat is 14.7km, and its storage capacity is 127m3 approximately. 

2.2 Data source 

With the rapid urbanization of Xi’an city, this development has had dramatic 

effects on the water environment [20]. Xi’an moat experienced 3 environmental 



governance from 1998 to 2009, but it still exists environmental problems. As shown in 

Figure 1, two water supply sources for Xi'an moat are near to sampling point 1 (from 

Dayu reservoir) and sampling point 4 (from reclaimed waterworks) respectively. The 

river flows from sampling point 1 through sampling point 2, sampling point 3, and 

sampling point 4 to sampling point 5. 

 

Fig.1. The sampling points in Xi’an moat 

Water samples were collected into brown sterile glass bottles from 0.5 meter below 

a water level and analyzed the physicochemical characteristics. The methods for sample 

analysis are based on the standard methods for the examination of water and wastewater 

[21]. This paper collects 10 physicochemical parameters, which are temperature (T), 

pH, dissolved oxygen (DO), total nitrogen (TN), ammonia nitrogen (NH3-N), total 

phosphorus (TP), chemical oxygen demand (COD), Turbidity (Tur), Chlorophyll-a 

(Chl-a) and Secchi Disk depth (SD) respectively, at 5 sampling points from January 

2018 to December 2020. All these parameters were measured once every half a month 

and is shown in Figure 2. 



 

Fig.2. The collected physicochemical parameters 

The water samples were only collected 2 times from December 2019 to April 2020 

due to the impact of COVID-19. As Figure 2 shows, the Xi’an moat belongs to alkaline 

water. Chl-a and DO manifest significant seasonal characteristics due to the temperature 

and sunlight intensity. NH3-N and COD exist some extreme values may resulting from 

the inflows of waste water and human activities. TP and TN are the major parameters 

of the water quality deterioration.  

3. The proposed WQI and WQImin model 

3.1 Comprehensive WQI 

To evaluate the water quality classes, this paper adopts Chinese environmental 

quality standards for surface water and the water quality standards published in [22, 23]. 

Table 1 presents the classification criteria of different water quality parameters. 

Table 1. The classification criteria 



 ClassⅠ ClassⅡ ClassⅢ ClassⅣ ClassⅤ 

pH 7-8 8-9 9-10 10-11 <11-13 

DO ≥7.5 ≥6 ≥5 ≥3 ≥2 

TN ≤0.2 ≤0.5 ≤1.0 ≤1.5 ≤2.0 

NH3-N ≤0.15 ≤0.5 ≤1.0 ≤1.5 ≤2.0 

TP ≤0.02 ≤0.1 ≤0.2 ≤0.3 ≤0.4 

COD <15 ≤15 ≤20 ≤30 ≤40 

Tur <10 <20 <30 <60 <100 

Chl-a ≤1 ≤10 ≤15 ≤40 ≤50 

SD ≥3 ≥2 ≥1 ≥0.6 ≥0.4 

 

In this paper, the water quality parameter T is set to class Ⅳ, which satisfies the 

requirement of the common process water and the human body non-direct contact 

entertainment water. In the light of the classification criteria, the water quality index of 

the ith physicochemical parameter can be formulated as follows. 

1 2.
i i i

WQI X X=  

where 1iX  refers to the water quality class of ith parameter; 2i
X  implies the location 

of water quality within the class 1iX   [24]. If the classification of water quality is 

inferior to Class V, iWQI  can be defined as follows under the condition that threshold 

is monotonic increasing. 
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where 
5iS  refers to the threshold of Class Ⅴ. Obviously, iWQI  can describe the 

hazard degree of the overproof parameter. Then, the proposed comprehensive WQI  is 

designed as follows. 
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where M and n are the number of physicochemical parameters and number of samples 

respectively. In terms of the collected jth sample of the physicochemical parameter Zi, 

Pij implies the probability of jth sample in the parameter Zi. 

The 
iWQI  can reflect the importance of different water quality parameters, and 

the entropy weights express the information quantity of these parameters. Under such 

a scenario, the comprehensive WQI  can reveal the water quality reasonably. 

3.2 Crucial parameters selection strategy 

To easily assess the water quality of urban river, this paper establishes a WQImin 

model by using the crucial water quality parameters. The crucial water quality 

parameters should have the following characteristics. Firstly, the crucial parameters 

should possess visible fluctuation, which can express the temporal variability. Secondly, 

the physicochemical parameter with inferior water quality class or superior water 

quality class should be selected as the crucial parameters. Thirdly, the selected crucial 

parameters should have minimum information redundancy. Therefore, this paper 

designs a score V for crucial parameter selection and can be formulated as follows. 

1 2 3arg maxV V V V= + −  



where 1
i

i

V



=  is the coefficient of variation of the ith parameter; 2 4 1
i

V WQI= −  

can express the importance of the ith parameters in comparison with the water quality 

of class Ⅳ. V3 is the average mutual information between the ith parameter and other 

parameters, and can be calculated as follows. 
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3.3 Enhanced BAS based WQImin 

After crucial parameter selection, an enhanced BAS is proposed to optimize the 

weight for building the WQImin model. BAS is a global optimization method, which 

is simple and fast as well as easy to implement [26]. BAS is inspired by the behavior 

of longhorn beetles, more precisely by the process of detecting and searching. The basic 

BAS defines the position of the beetle as a vector t
x  at the epoch t. The searching 

behavior of beetle can be depicted as a random unit vector D . The positions of the 

right antenna t

rx  and left antenna t

lx  can be calculated as follows 

t t t

r
t t t

l

x x d D

x x d D

= +
= −

 

where t
d t R=  is the distance between two antennas, and R is a constant [27]. Then, 

t

rx   and t

lx   are fed into the fitness function f(x) to figure out the next position 

according to the following formulas. 
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where t  represents the step size of each iteration;   is the decay rate and is set to 

0.95 generally. 



The random unit vector D   enables BAS to possess the global optimization 

performance, but it affects the searching efficiency as well. Therefore, this paper 

proposed an enhanced BAS to improve the searching efficiency. A variable 
bestx  

representing the position with the best fitness is added to the enhanced BAS, which can 

help BAS achieve a better direction and improve the convergence rate. If 

( ) ( )t

best
f x f x , t

x  is assigned to 
bestx . The formulation for update the position is 

defined as follows. 
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in which the step size t  is modified as follows. 
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where 0  is the initial step size. t  will decrease with the epoch, and it will increase 

depending on probability  , contributing to jump out of local optimal position.  

To obtain a reliable WQImin model, the proposed enhanced BAS is applied to 

figure out the weight. The objective function and constraints are defined as follows. 
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−  is the mean square error (MSE) [28]. i
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denotes the constraint of the weights, and p is the penalty factor. The constraint term 

implies that  0,1
i

c  . 



4. Results and discussion 

4.1 Water quality assessment using comprehensive WQI 

To reveal the urban river water quality, the comprehensive WQI is built using the 

physicochemical parameters from Xi’an moat. The water quality index of parameter 

temperature (T) is set to 4 in this paper. Figure 3 shows the WQIi of different water 

quality parameters.  

 

Fig.3. WQIi of different parameters 

As Figure 3 shows, the concentrations of TN, TP, COD and Chl-a exceed the 

standard value in the most cases. Hence, the water quality will be regarded as inferior 

ClassⅤ depending on Cannikin’s Law, which is strict and harsh [29]. WQI of Chl-a and 

WQI of DO manifest significant seasonal variation resulting from the changes of 

temperature and sunlight intensity [30, 31]. Meanwhile, the WQI of pH and the WQI 

of turbidity reflect the excellent water quality. Figure 4 is the statistical WQIi of these 

parameters. 



 

Fig.4. The statistical WQIi 

As Figure 4 shows, the WQI of parameter pH ranges from 0.97 to 4.60. The WQI 

of parameter DO ranges from 0.28 to 4.31. The WQI of parameter TN ranges from 3.9 

to 10.36. The WQI of parameter NH3-N ranges from 0.07 to 6.78. The WQI of 

parameter TP ranges from 2 to 10.6. The WQI of parameter COD ranges from 0.47 to 

8.40. The WQI of parameter Turbidity ranges from 0.24 to 2.58. The WQI of parameter 

Chl-a ranges from 3.08 to 8.89. The WQI of parameter SD ranges from 3.38 to 5.78. 

WQI of NH3-N and WQI of TP exist many extreme values may due to human 

interference. In terms of TN, TP, Turbidity, Chl-a and SD, the WQI values before and 

after sampling point 4 show significant difference resulting from the inflow of 

reclaimed water. All the WQIi manifest significant changing tendency resulting from 

the flow direction and the input water quality of Xi’an moat. 

To assess the water quality from a system perspective, Figure 5 shows the 

comprehensive WQI of Xi’an moat. The comprehensive WQI indicates that the water 



quality is in the range of ClassⅡto ClassⅣ.The average value of the comprehensive 

WQI is 3.54. The maximum value and the minimum value are 4.76 and 2.56 

respectively. Hence, this urban river water quality is suitable for the requirement of the 

common process water and the human body non-direct contact entertainment water. 

The comprehensive WQI indicates that water in sampling point 1 has the best quality, 

resulting from the inflow of reservoir water. The comprehensive WQI of sampling point 

4 exhibits worst water quality resulting from the winding watercourse and the inflow 

of waster water. 

 

Fig.5. The comprehensive WQI 

To further reveal the water quality, Figure 6 and Figure 7 present the spatial 

distribution and the temporal variation of the comprehensive WQI respectively. In 

terms of Xi’an city, spring consists of March, Aril and May, summer implies the periods 

of June to August, autumn means the periods of September to November, and winter 

refers to December, January and February. 



 

Fig.6. The spatial distribution of the comprehensive WQI 

 

Fig.7. The temporal variation of the comprehensive WQI 

As Figure 6 shows, the comprehensive WQI indicates that sampling point 1 

possesses the best water quality. Sampling point 5 shows the worst water quality, 

resulting from the inflow of reclaimed water and the geometry of the watercourse. 

Figure 7 demonstrates that Xi’an moat performs the best quality in autumn, and 

performs inferior quality in spring. The phenomenon may due to the plenty of rainfall 

in autumn and the severe air pollution in winter and spring. Meanwhile, lots of 

pollutions will flow into Xi’an moat due to the most rainfall in summer and the frequent 

human activities. 

4.2 Crucial parameters in Xi’an moat 

In this paper, the crucial water quality parameters in different sampling points are 

selected independently. In terms of the sampling points, the average classes of different 



water quality parameters are figured out according to the classification criteria listed in 

Table 1. Then, the score V of every water quality parameters is calculated according to 

the designed strategy. Table 2 lists the score V in different sampling points. 

Table 2. The score V 

 Score V in descending order 
sampling point 1 NH3-N Tur TN DO TP Chl-a COD SD pH T 

sampling point 2 NH3-N Tur TN Chl-a DO TP COD pH SD T 

sampling point 3 NH3-N Tur TN TP Chl-a DO SD COD pH T 

sampling point 4 NH3-N Chl-a TN Tur TP DO COD pH SD T 

sampling point 5 NH3-N TN TP Chl-a Tur DO COD pH SD T 

As listed in Table 2, the physicochemical parameters NH3-N, Tur, TN, Chl-a, TP 

and DO are the six crucial parameters, whichever the sampling point is monitored. NH3-

N plays the most important role in explaining WQI, followed by turbidity, TN and so 

on. 

4.3 The performance of the enhanced BAS based WQImin 

In this paper, the proposed enhanced BAS method is employed to optimize the 

weights of the crucial water quality parameters. To validate the effectiveness and 

superiority of the proposed method, the WQImin with different number of the crucial 

water quality parameters are established according to the order of the water quality 

parameters listed in Table 2. All the WQImin models are estimated based on the 

criterion of the Pearson correlation coefficient (PCC) [32], MSE, and mean absolute 

percentage error (MAPE) [33]. These formulas are defined as follows. 
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where j refers to the sequence number and n is the number of samples.  

Figure 8 displays the WQImin models with different number of the crucial water 

quality parameters at 5 sampling points. The WQImin3, WQImin4, WQImin5, 

WQImin6 refer to the WQImin with the first 3 parameters, first 4 parameters, the first 

5 parameters and the first 6 parameters, respectively. 

 

Fig.8. The WQImin models  

As Figure 8 shows, all the WQImin models can reflect the changing tendency of 

water quality, whichever the sampling point is selected. The WQImin model with 3 

crucial water quality parameters can not express the water quality accurately in some 

cases. The assessment of WQImin model with 6 crucial water quality parameters is 



similar to that of the comprehensive WQI. The results confirm that WQImin6 model is 

an excellent and convenient manner with great generalization capability for urban river 

water quality assessment. In order to display the performance clearly, Table 3 lists the 

MSE, MAE and the Pearson correlation coefficient between the WQImin model and 

the comprehensive WQI. 

Table 3. The performance of the WQImin models 

 WQImin3 WQImin4 WQImin5 WQImin6 

Sampling  

Point 1 

MSE 0.1085 0.0845 0.0576 0.0273 

MAPE 0.0812 0.0723 0.0620 0.0431 

PCC 0.5180 0.6374 0.7657 0.9069 

Sampling  

Point 2 

MSE 0.1242 0.0591 0.0556 0.0187 

MAPE 0.0848 0.0595 0.0580 0.0328 

PCC 0.5869 0.8188 0.8306 0.9466 

Sampling  

Point 3 

MSE 0.1341 0.0838 0.0303 0.0219 

MAPE 0.0845 0.0674 0.0427 0.0359 

PCC 0.4826 0.7323 0.9081 0.9343 

Sampling  

Point 4 

MSE 0.0995 0.0926 0.0565 0.0450 

MAPE 0.0706 0.0655 0.0466 0.0421 

PCC 0.7700 0.7729 0.888 0.9074 

Sampling  

Point 5 

MSE 0.2305 0.0457 0.0417 0.0390 

MAPE 0.1181 0.0492 0.0455 0.0442 

PCC 0.6339 0.9083 0.9181 0.9274 

As Table 3 listed, the WQImin model with more crucial parameters will exhibit 

better performance. The Pearson correlation coefficient values between the WQImin 

with 6 crucial water quality parameters and the comprehensive WQI are all beyond 0.9, 

which illustrates effectiveness and superiority of the WQImin model. Besides the 

WQImin6 model, WQImin5 and WQImin4 can assess the water quality effectively as 

well. Meanwhile, the weights of WQImin model are optimized in a reasonable range 

due to the defined objective function and constraints. Table 4 and Figure 9 lists the 

optimized weights of these WQImin models. 



Table 4. The optimized weights 

Weights WQImin3 WQImin4 WQImin5 WQImin6 

Sampling 
Point 1 

0.1839: 0.4268: 
0.4067 

0.1673: 0.2752: 
0.3916: 0.1704 

0.0701: 0.2458: 
0.3137: 0.1955: 0.2213 

0.0662: 0.2419: 0.1955: 
0.1339: 0.2164: 0.1785 

Sampling 

Point 2 

0.2436: 0.1155: 
0.4286 

0.2017: 0.1140: 
0.2691: 0.2227 

0.1834: 0.1002: 
0.2639: 0.2134: 0.0796 

0.1173: 0.1275: 0.1855: 
0.2181: 0.1260: 0.1465 

Sampling 
Point 3 

0.1418: 0.2960: 
0.4394 

0.1338: 0.3105: 
0.3509: 0.1627 

0.1342: 0.2548: 
0.2024: 0.1426: 0.2176 

0.1008: 0.2092: 0.1956: 
0.1571: 0.2068: 0.0985 

Sampling 
Point 4 

0.1151: 0.2774: 
0.2633 

0.1107: 0.2671: 
0.2488: 0.1498 

0.1145: 0.2422: 
0.1894: 0.2077: 0.1205 

0.1139: 0.2053: 0.1925: 
0.1964: 0.1248: 0.1256 

Sampling 
Point 5 

0.2489: 0.3628: 
0.1391 

0.1264: 0.1976: 
0.1262: 0.2617 

0.1514: 0.1843: 
0.1251: 0.2427: 0.1391 

0.1499: 0.1655: 0.142: 
0.2361: 0.1437: 0.0665 

 

Fig.9. The optimized weights 

Obviously, the weights of these WQImin models are all below to 1, and the sum 

of the weights is approximately equal to 1. Under such a scenario, the weight represents 

the ratio of different parameters in the WQImin model and the ratio of different 

parameters for water quality assessment. In view of the above results, it can be known 

that the proposed enhanced BAS based WQImin model is an effective manner with 

certain physical meaning for water quality assessment. 



To validate the performance, the proposed enhanced BAS is compared with 

standard BAS, particle swarm optimization (PSO) [34] and gravitational search 

algorithm (GSA) [35]. Figure 10 shows the convergence rates of these algorithms for 

building WQImin models on sampling point 1. 

 

Fig.10. The convergence rates 

As Figure 10 shows, all these 4 algorithms can achieve the optimal results in the 

end. However, the convergence rates manifest significant difference. In terms of 

WQImin3 and WQImin5, the convergence rates of the proposed enhanced BAS are 

slightly faster as compared with other algorithms. From the convergence rates of 

WQImin4 and WQImin6, it can be known that the proposed enhanced BAS can use 

less iteration than other algorithms to figure out the optimal results. The proposed 

enhanced BAS has a remarkable promotion in comparison with the standard BAS 

algorithm, since the extra direction and the modified step size can improve the 

performance of BAS. 



As shown in Figure 8, Figure 9, Figure 10, Table 3 and Table 4, the proposed 

enhanced BAS can optimize the weights of WQImin models with a fast convergence 

rate. The values of the optimized weights range from 0 to 1, expressing the ratio of each 

crucial water quality parameters in the WQImin models. All the results demonstrate that 

the proposed enhanced BAS based WQImin model is an effective, accurate and 

convenient approach for urban river water quality assessment. 

5. Conclusion 

This paper focuses on the water quality assessment of urban river. The water 

samples collected from Xi’an moat and 10 water quality parameters were measured. On 

the basis of Chinese published standard, the classification criteria are designed to 

determine the water quality classes of different water quality parameters. The developed 

comprehensive WQI can assess the water quality from system point of view, resulting 

from the combination of the water quality classes and entropy weights. The proposed 

selection strategy can obtain the crucial water quality parameters automatically. The 

selection illustrates that NH3-N, Tur, TN, Chl-a, TP and DO are the crucial parameters 

of Xi’ an moat, and most important parameter is NH3-N. The enhanced BAS is proposed 

to optimize the weights of the crucial parameters within 0 to 1, which can reveal the 

ratio of the crucial parameters in the WQImin model. As compared with standard BAS, 

POS and GSA, the convergence rates confirm the excellent performance of the 

proposed enhanced BAS. The WQImin model with few crucial parameters is a simple 

and convenient manner for urban river water quality assessment. The WQImin model 

with 6 crucial parameters is a precise and superior approach for urban river water 



quality assessment. All the results demonstrate the enhanced BAS based WQImin 

model can assess the urban river water quality effectively. 

ACKNOWLEDGMENTS 

This work was supported by the Natural Science Foundation of Shaanxi Province (No. 

2021JQ-481), and Xi’an Science and Technology Project (No. 2020KJRC0086). 

REFERENCES 

[1] Yu Liu, Hao Wang, Xiaohui Lei, Hao Wang, 2021. Real-time forecasting of river 

water level in urban based on radar rainfall: A case study in Fuzhou City. J. Hydrol., 

603, 1-14. 

[2] Ping Zhang, Fu-Jun Yue, Xiao-Dan Wang, et al., 2021, Antecedent rainfall and land 

use controlling the fate of nitrogen in karst urban rivers, elucidated by an isotopic 

approach. J. Hydrol., 592, 1-8. 

[3] Jiang Yu , Yong Tian, Xiaoli Wang, Chunmiao Zheng, 2021, Using machine 

learning to reveal spatiotemporal complexity and driving forces of water quality 

changes in Hong Kong marine water. J. Hydrol., 603, 1-16. 

[4] Chenguang Song , Leihua Yao, Chengya Hua, 2021, Qihang Ni, A novel hybrid 

model for water quality prediction based on synchrosqueezed wavelet transform 

technique and improved long short-term memory. J. Hydrol., 603, 1-15. 

[5] Enmin Zhao, Yi-Ming Kuo and Nengwang Chen. 2021. Assessment of water 

quality under various environmental features using a site-specific weighting water 

quality index. Science of The Total Environment, 783, 1-9. 

[6] Zuxin Xu. 2005. Single Factor Water Quality Identification Index for 



Environmental Quality Assessment of Surface Water. J. Tongji Univ. Nat. Sci., 

33(3), 321-325. 

[7] Feng Yan, Ling Liu, Yanfeng Li, et al., 2015. A dynamic water quality index model 

based on functional data analysis. Ecological Indicators. 57, 249-258. 

[8] Xu, Z., 2005. Comprehensive water quality identification index for environmental 

quality assessment of surface water (in Chinese). J. Tongji Univ. Nat. Sci. 33, 482-

488. 

[9] Zhaoshi Wu, Xijun Lai, Kuanyi Li, 2021, Water quality assessment of rivers in 

Lake Chaohu Basin (China) using water quality index, Ecological Indicators, 121, 

1-8. 

[10] Hamid Amiri, Bijan Hadizadeh, et al., 2021, Evaluating the water quality index in 

dam lake for cold water fish farming, Environmental Challenges, 5, 1-7 

[11] Suyog Gupta, Sunil Kumar Gupta. 2021. A critical review on water quality index 

tool: Genesis, evolution and future directions. Ecological Indicators, 63, 1-13. 

[12] Md. Galal Uddin, Stephen Nash and Agnieszka I. Olbert. 2021. A review of water 

quality index models and their use for assessing surface water quality. Ecological 

Indicators, 122, 1-21. 

[13] Wang Zhe, Xing Xigang, Yan Feng, 2021, An abnormal phenomenon in entropy 

weight method in the dynamic evaluation of water quality index. Ecological 

Indicators, 131, 1-6. 

[14] Tanushree Chakravarty, Susmita Gupta, 2021, Assessment of water quality of a 

hilly river of south Assam, north east India using water quality index and 



multivariate statistical analysis, Environmental Challenges, 5, 1-8. 

[15] Xizhi Nong, Dongguo Shao, Hua Zhong, Jiankui Liang, 2020, Evaluation of water 

quality in the South-to-North Water Diversion Project of China using the water 

quality index (WQI) method, Water Research, 178, 1-15. 

[16] Binbin Wang, Yuanyuan Wang, Shuli Wang, 2021, Improved water pollution index 

for determining spatiotemporal water quality dynamics: Case study in the Erdao 

Songhua River Basin, China, Ecological Indicators, 129, 1-12. 

[17] Jaeyoung Kim, Dongil Seo, Miyoung Jang, Jiyong Kim, 2021, Augmentation of 

limited input data using an artificial neural network method to improve the 

accuracy of water quality modeling in a large lake, Journal of Hydrology, 602, 1-

14. 

[18] Mohamed Shaban, Hanan Farag, 2018, Data driven water quality modeling for 

drain/canal inflows to Lake Burullus, Ain Shams Engineering Journal, 9, 3197-

3205. 

[19] Daniel Gebler, Gerhard Wiegleb, Krzysztof Szoszkiewicz, 2018, Integrating river 

hydromorphology and water quality into ecological status modelling by artificial 

neural networks, Water Research, 139, 395-405. 

[20] Zhaoyang Yang, Jinxi Song, Dandong Cheng, et al., 2019, Comprehensive 

evaluation and scenario simulation for the water resources carrying capacity in 

Xi'an city, China, Journal of Environmental Management, 230, 221-233. 

[21] Fazeleh Khazaie, Soheila Shokrollahzadeh, Yasamin Bide, et al., High-Flux 

sodium alginate sulfate draw solution for water recovery from saline waters and 



wastewaters via forward osmosis, Chemical Engineering Journal, 417, 1-10. 

[22] Mehmet Ali Turan Kocer, Huseyin Sevgili, 2014, Parameters selection for water 

quality index in the assessment of the environmental impacts of land-based trout 

farms, Ecological Indicators, 36, 672-681. 

[23] Tao Wu, Shengrui Wang, Baolin Su, Huaxin Wu, Guoqiang Wang. 2021. 

Understanding the water quality change of the Yilong Lake based on 

comprehensive assessment methods. Ecological Indicators, 126, 1-9. 

[24] Yu Liu, Yucheng Hu, Yumei Hu, Yuqi Gao, Zhenying Liu, 2021,Water quality 

characteristics and assessment of Yongding New River by improved 

comprehensive water quality identification index based on game theory, Journal of 

Environmental Sciences, 104, 40-52. 

[25] Jun Ye, 2010, Multicriteria fuzzy decision-making method using entropy weights-

based correlation coefficients of interval-valued intuitionistic fuzzy sets, Applied 

Mathematical Modelling, 34, 3864-3870. 

[26] Xingqiu Li, Hongkai Jiang, Maogui Niu, Ruixin Wang, 2020, An enhanced 

selective ensemble deep learning method for rolling bearing fault diagnosis with 

beetle antennae search algorithm, Mechanical Systems and Signal Processing, 142, 

1-20. 

[27] Meijin Lin, Qinghao Li, Fei Wang, Danfeng, 2020, Chen An Improved Beetle 

Antennae Search Algorithm and Its Application on Economic Load Distribution of 

Power System, IEEE Access, 8, 99624-99632. 

[28] Zehai Gao, Yang Liu, Quanjiu Wang, Jiali Wang, Yige Luo, 2022, Ensemble 



empirical mode decomposition energy moment entropy and enhanced long short-

term memory for early fault prediction of bearing, Measurement, 188, 1-15. 

[29] Xuan Ban, Qiuzhen Wu, Baozhu Pan, Yun Du, Qi Feng, 2014, Application of 

Composite Water Quality Identification Index on the water quality evaluation in 

spatial and temporal variations: a case study in Honghu Lake, China, 

Environmental Monitoring and Assessment volume, 186, 4237-4247. 

[30] María Granitto, Soledad Diodato, Patricia Rodríguez, 2021, Water quality index 

including periphyton chlorophyll-a in forested urban watersheds from Tierra del 

Fuego (Argentina), Ecological Indicators, 126, 1-10. 

[31] Mark A. Warren, Stefan G.H. Simis, Nick Selmes, 2021, Complementary water 

quality observations from high and medium resolution Sentinel sensors by aligning 

chlorophyll-a and turbidity algorithms, Remote Sensing of Environment, 265, 1-

18. 

[32] Gao Zehai, Ma Cunbao, Zhang Jianfeng, Xu Weijun, 2021, Remaining useful life 

prediction of integrated modular avionics using ensemble enhanced online 

sequential parallel extreme learning machine, International Journal of Machine 

Learning and Cybernetics, 12, 1893-1911. 

[33] Yihan Guo, CunbaoMa, XuDong, YanLiang, BiyuanHu, 2021, A novel health 

indicator based on hysteresis loop for health prediction of flight control systems, 

Measurement, 186, 1-16. 

[34] Baoxian Liang, Yunlong Zhao, Yang Li, 2021, A hybrid particle swarm 

optimization with crisscross learning strategy, Engineering Applications of 



Artificial Intelligence, 105, 1-16. 

[35] Zehai Gao, Yan Zhang, Shisheng Zhou, Wei Lyu, 2021, An enhanced quantum-

inspired gravitational search algorithm for color prediction based on the absorption 

spectrum, Textile Research Journal, 11, 1211-1226. 

 


