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a b s t r a c t
Water quality pollution has become a primary environmental global concern as society is changing. 
The pollution of environmental resources is an issue of social concern worldwide, particularly the 
deterioration of water quality. Groundwater quality deterioration has been the focus in the water 
quality field. A precise predictive model is needed to obtain a clear understanding of the factors con-
trolling groundwater quality conditions, to assess how to reduce risk and to optimize urban water 
quality management for the purpose of improving water quality in urban groundwater systems. 
Therefore, how to improve the accuracy of rating prediction calculated by the water quality sys-
tematic assessment model becomes the focus of this study. Combining back-propagation (BP) neu-
ral network with a genetic algorithm, this paper proposes the water quality, systematic assessment 
model, based on genetic algorithm optimized BP neural networks and its potential application to a 
typical urban groundwater quality system assessment in northwest China. In this study, nine main 
factors were used as indicators of qualifying water quality that encompasses pH, ammonia, chloride, 
nitrite, dissolved solids, chemical oxygen demand and fluoride ions. The method is illustrated with 
water quality of 223 variables data from a surveillance system of fifteen groundwater water moni-
toring sites in Xi’an, Shaanxi Province, China during the 1996–2015 period. Firstly, using Shannon 
entropy (information gain) to classify the recorded data into five categories. Referring to (in terms 
of) the groundwater quality criterion in 2017 (GB/T14848-2017), following data pre-processing to 
provide more abundant information for recognition. Second, correlations were analyzed using the 
Spearman correlation. Water quality ratings were significantly highly correlated with statistical mea-
sures of the chloride, nitrite, dissolved solid and fluoride ions. Then principal component analysis 
methods are deployed for dimension reduction. On this basis, the evaluation index is refined; the basic 
structure of the back-propagation neural network (BPNN) is introduced, and a genetic algorithm is 
used to improve BP neural network. The results indicated that a genetic algorithm-back propagation 
neural network (GA-BPNN) model accounted for an accuracy of 90.91%, which was much higher 
than 63.64% on accuracy by BPNN. And thus, it is important to develop GA-BPNN modeling meth-
ods to enhance the evaluation accuracy of water quality parameters. This method can be used as a 
decision support tool to evaluate the impact of urban groundwater utilization on water quality.

Keywords:  Groundwater quality; Shannon entropy; Spearman correlation; Back-propagation neural 
network; Genetic algorithm; Water quality systematic assessment
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1. Introduction

Environmental pollution, especially water contami-
nants, has become a serious problem to be urgently over-
come. Although about 71% of the earth’s surface is covered 
by water, only 0.03% of freshwater resources can be directly 
used by human beings, such as freshwater lakes, rivers 
and shallow groundwater [1]. Groundwater is a prime 
resource of freshwater globally accounting for roughly 96% 
of the freshwater reserves of the planet [2]. It is a valuable 
natural resource that is used for public water systems in 
some districts of many countries all over the world, such 
as drinking, irrigation and industrial purposes. Over 50% 
of the world’s largest aquifers show declining trends in 
groundwater storage 6 and 1.7 billion people inhabit areas 
where groundwater resources are scarce, and groundwa-
ter pollution can constitute a serious risk to human health 
[3,4]. With the increasing population and development 
of various industries worldwide, organic matter such as 
drugs, pesticides, surfactants, and raw chemical materials 
cause an increasing amount of pollutants in groundwa-
ter, there is a growing concern about the deterioration of 
groundwater quality due to geogenic and anthropogenic 
activities. Groundwater contamination, in particular, is 
a critical public concern because it has concealment, irre-
versibility, diversity of constituent factors and complexity 
of the system, and its pollution problem is far less intui-
tive than surface water [5]. It is polluted by harmful ele-
ments to varying degrees, and it threatens the ecological 
environment, human health and drinking water resources. 
Quality groundwater resources are essential for the socio- 
economic development and physical health of the local 
populations that depend on groundwater [6]. Accurately 
predicting fluctuations in groundwater quality is the focus 
of effective management of groundwater [7].

2. Methodology

2.1. Data pre-processing and analysis

2.1.1. Data sources and descriptions

This study is based on the representativeness and avail-
ability of data. This paper takes Xi’an, a representative city in 
Northwest China, as the evaluation object, the groundwater 
environmental quality data of Xi’an city from 1996 to 2015 
were used as input variables to establish the genetic algo-
rithm-back propagation neural network (GA-BPNN) model 
to make it have better water quality prediction accuracy. The 
index data are statistical data based on the authoritative data 
of groundwater monitoring reports of Shaanxi Province, 
China [8]. Based on the above data, for the missing data, the 
method of cubic spline interpolation was adopted accord-
ing to the data before and after the year, part of the miss-
ing data was made up, and the groundwater environmental 
quality of Xi’an was evaluated and analyzed.

2.1.2. Interpolation method

Due to the lack of data in groundwater monitoring, 
the data were interpolated after processing those for adja-
cent years. The missing values were interpolated using 

cubic spline interpolation [5]. Cubic spline interpolation is 
a smooth curve through a series of shape points. The algo-
rithm is summarized as follows.

Suppose there are n + 1 data nodes (x0, y0) (x0, y0)... (xn, y0) 
(xn, y0).

(A) Calculate the step size hi = xi + 1 − xi (i = 0, 1, …, n–1);
(B) Plug data nodes and specified first endpoint conditions 

into the matrix equation:
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(C) Solve the matrix equation and obtain the quadratic dif-
ferential value. The matrix is a tridiagonal matrix, spe-
cifically, where Ai is a mi × mi diagonal matrix with v(µij) 
as the jth diagonal element.

(D) Calculate the coefficient of the spline curve:
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where i = 0, 1, …, n−1; i = 0, 1, …, n−1.
For each subinterval xi ≤ x ≤ xi, create an equation:

g x a b x x c x x d x xi i i i i i i i� � � � �� � � �� � � �� �2 3
 (3)

To address missing data in Laowatan Village, the north-
ern suburb of Xi’an City, 2013. The data were interpolated by 
using cubic spline lines to connect and smooth the curves. 
The 2013 pH of the interpolation is 8.30922195954923.

2.1.3. Standardized treatment

It is different from the scope and degree of ground-
water’s ecological status, to be fair to analyze data, before 
on groundwater environment quality ratings, all indexes 
radial dimension, first of all, need to use chemical indica-
tors of reference state (without human interference in the 
best state) and ecological threshold level of the index (worst 
status value) for all kinds of indexes for standardization 
[10]. The Z-scores method is used to standardize the nine 
indexes of groundwater environmental quality, namely, 
pH value, ammonia nitrogen, chloride ion sulfate, nitrate, 
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nitrous acid, dissolved solids, chemical oxygen demand 
(COD) and fluoride ion, and the standardized values of 
the evaluation indexes are assigned to 0 or 1 respectively 
(the evaluation index value is greater than the maximum 
standard or less than the minimum standard). Due to the 
different attributes of the indicators, the standardization 
methods are different. In this study, pH value is a bidirec-
tional index, and according to the groundwater environ-
mental quality standard, the best range is between 6.5 and 
8.5, which is standardized by Eqs. (1) and (2). Other indica-
tors such as ammonia nitrogen are all negative indicators, 
that is, the smaller the value is, the better the quality is. 
Eq. (3) is adopted standardization.
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In the formula, Di,pH and Dij are the original data of 
the pH index of the ith evaluation object and the jth index 
respectively, Dmin = min{D1j, D2j, …, Dmj}, Dmax = max-
{D1j, D2j, …, Dmj}. Si,pH, Si,j, Dmax, Dmin are the concentration 
standardization values, ecological threshold values and mon-
itoring point concentrations of pH, ammonia nitrogen and 
other factors in groundwater environmental quality indexes.

2.1.4. Water quality classification based on entropy weight 
method

In order to avoid the interference of subjective factors, 
information entropy classifies the groundwater environ-
mental quality index based on order degree and utility 
value. The entropy value method is a kind of objective 
weighting method, and the determination of entropy weight 
depends on the contribution degree of index importance 
[10]. Considering the impact of the fluctuation information 
of the evaluation value of the evaluation object on the deci-
sion-making process of the decision-maker, according to 
the nature of entropy weight, the indexes with obvious dif-
ference in information and large entropy weight and small 
entropy value are retained, and the evaluation values with 
relatively stable and very limited information are elimi-
nated [11]. For example, in some extreme cases, the index 
with the same evaluation value of the evaluated object will 
not convey valuable information to the decision-maker. In 
this case, the entropy value and entropy weight value are 
1 and 0 respectively, and the index can be eliminated. The 
entropy weight method quantifies the information of each 
index of groundwater environmental quality in the study 
area and gives weight to each factor. The weight of the index 
is determined objectively by the amount of information 
provided by the monitoring value of the index. The specific 
calculation steps are as follows:

(1) Assuming that there are m evaluation objects or sam-
ples, and each evaluation object or sample has evaluation 

indicators (topological parameters), the original data is  
formed into a judgment matrix R:
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Rij is the measured value of the jth index of the sample i 
to be judged (i = 1, 2, …, m; j = 1, 2, …, n).

(2) Using Eqs. (1)–(3) in Z-scores method, Bij is the measured 
standardized value of the jth index of the sample i to 
be judged (i = 1, 2, …, m; j = 1, 2, …, n), the judgment 
matrix R is normalized to form a new matrix B = (Bij)m×n, 
and the value range is (0,1).

B

b b b

b b b

b

b b b

n

n

ij

m m mn

�

�

�

�
�
�
�
�
�

�

�

�
�
�
�
�
�

11 12 1

21 22 2

1 2

�

�

� � �

�

 (6)

(3) Calculate the information entropy of index ej:
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Among them, i = 1, 2, …, m; j = 1, 2, …, n, in the formula, 
K  >  0,  in  is  the  natural  logarithm,  and  generally  0  ≤  e  ≤  1. 
Assuming that when vij = 0, vijln(vij) = 0, the correction vij is 
calculated:
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(4) Calculate the entropy weight of the jth index:
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where the information utility value of the jth index Dj = 1 – ej, 
Wj is the entropy weight of the ith index, which satisfies.

2.2. Data analysis

2.2.1. Principal component analysis

The key to influencing the prediction effect and deter-
mining the reliability of the results is to screen the input 
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variables of the model and simplify its input structure. 
Principal component analysis (PCA), is a kind of multiple 
attribute dimension reduction method, the fundamental 
principle is to extract the original variables, the eigenval-
ues of the covariance matrix and its related load by the 
maximum variance method to rotate to generate a new 
orthogonal linear combination of the variables and the orig-
inal, with the minimum of the original variable data reduc-
tion, provide describe the whole data set the parameters of 
the most valuable information, improve the accuracy of pre-
dicted results [12]. In this paper, the process of implementing 
the algorithm to reduce the dimension of the original data 
is as follows: Determine the original indicators and conduct 
standardization. The original data matrix X was constructed 
from the original water quality data of the study area.
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where xij represents the jth index of the ith sample unit, the 
data is standardized by the following Eq. (10):
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2.2.2. Water quality rating model based on GA-back 
propagation neural network

Back-propagation (BP) neural network is a multilayer 
feedforward neural network based on error Back Propagation 
Algorithm training and composed of highly nonlinear map-
ping from input to output. As a very classic machine learning 
algorithm, BP is suitable for pattern recognition, classifica-
tion, function prediction and other problems [13]. It consists 
of an output layer, an input layer, and a number of hidden 
layers. Each layer contains a number of basic units of neu-
rons, and each data layer includes a number of data nodes. 
The levels of neurons are interconnected through thresholds 
or weights, and there is no correlation between the states of 
neurons at the same level. It is a topological network that 
simulates the process of neural conflict and is established on 
the basis of biological research. After receiving signals from 
the outside world at the end of the dendrite of the neural 
network, they are transmitted to neurons, then processed 
and fused, and finally transmitted to other neurons.

Its topology is shown in Fig. 1.
For the ith neuron, X1, X2, …, Xj is the input of the neu-

ron, and the input is usually the independent variable of the 
key influence on the system model, W1, W2, …, Wj adjusts 
the weight to weight ratio of each input for the connection 
weight.

There are many ways to combine signals and input to 
neurons. The net input of neurons can be obtained by select-
ing the most convenient linear weighted sum:
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1
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Represents the threshold value of the neuron. According 
to the knowledge of biology, only when the information 
received by the neuron reaches the threshold will it be acti-
vated. Therefore, compare and, and then process through an 
activation function to produce the output of the neuron as:
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where w0 = –1, x0  =  θj, f represents activation function. 
Common types include threshold function, logarithmic 
Sigmoid function, tangent Sigmoid function, linear function, 
etc. The structure of the single-layer neural network can be 
expressed as Fig. 2.

BP neural network will reverse transfer the weight of 
each layer according to the error of each training, to con-
tinuously improve the model accuracy until it reaches 
the invitation. The error function can be expressed by the 
least square method as follows:
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where d0 represents the predicted value and yoo represents 
the actual value.

Although widely used in various fields, the BP neural 
network in dealing with complex nonlinear problems have 
prominent advantages, because of the feedforward learning 
with the method of partial layers of error correction, which 
leads to problems such as slow learning speed, sensitive 
initial weight, sample dependence, easy to trap local opti-
mum and interference of training parameter characteristics 
on training results [14]. Based on the limitations of BP neu-
ral network and genetic algorithm (GA) (based algorithm, 
genetic algorithm) has outstanding advantages, compared 
with the general Algorithm has global search, search the 
advantages of high efficiency, extensibility, through the 
selection, crossover and mutation operating mechanism, 

Fig. 1. Neuronal structure.
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make the adaptability of the individuals in the population 
to improve until convergence, globally search for the solu-
tion of the problem area of the optimal solution, the core 
idea is that natural selection, survival of the fittest [15]. GA 
is selected to optimize BP neural network. Combining the 
advantages of the two algorithms, GA is used to find the 
optimal weight and assign value to the neural network, so 
as to achieve higher accuracy, and play a fast and accurate 
effect in solving complex nonlinear problems such as 
groundwater environmental quality [16].

A genetic algorithm is used to solve the selection prob-
lem of machine learning features [17]. The idea of the algo-
rithm is to search for the optimal solution by simulating 
the natural evolution process. It has good global optimi-
zation ability and inherent implicit parallelism can auto-
matically search to the optimal search space and has the 
characteristics of adaptive adjustment of search direction. 
The algorithm has the characteristics of unrestricted function 
continuity and direct manipulation of an object structure. 
The flow of the genetic algorithm is shown in Fig. 3.

GA is used to optimize the weight of neural network 
to achieve the minimum error, and its mathematical model 
can be expressed as:

MinE wi� �  (15)

s.t. 0 ≤ wi ≤ 1
where E represents the error function of the neural net-
work and represents the weight of each layer.

3. Results and discussion

3.1. Characteristics of groundwater quality in urban areas of Xi’an

Table 1 presents the descriptive summary statistics of 
groundwater quality data of 15 monitoring sites in Xi’an 

from 1996 to 2015 in the Shaanxi Groundwater Monitoring 
Yearbook. The results show that the pH values of the 15 sites 
are all greater than 7, showing weak alkalinity. Among the 
other 8 indicators, there are significant differences among 
different sites, and the standard deviation of most of the 
indicators are more significant than their mean value, which 
indicates that there is a significant difference between these 
indicators among different sites.

Among them, 100% of the sites with Cl– and NO2− mean 
values lower than the standard values, but only 46.67% of 
the sites with NO3− met the standard values.

The results show that the average NO3− concentration 
of 15 monitoring sites in Xi’an city is high. In order to fur-
ther compare the differences between different sites, a 
logarithmic operation was performed on the data of a larger 
magnitude, and the average value of each index was mea-
sured. The average values of pH, SO4

2–, total dissolved solids 
(TDS) and COD vary little between different sites, but they 
are basically the same. At the fourth and fifteenth measure-
ment sites, the content of a number of indicators was higher 
than that of other sites. The contents of SO4

2–, NO3−, NO2− and 
TDS at the 4th station were significantly higher than those at 
other stations, and the contents of NH3–N and COD at the 
15th station were both higher than those at other stations. 
The highest pH, Cl– and F– sites were at the 8, 7 and 2 sites, 
respectively. The results show that the groundwater envi-
ronmental quality of the main stations in the study area is 
generally affected by human activities, and the groundwa-
ter environmental quality of each station may be affected 
by the same pollution source such as food factory, sewage 
treatment plant or paper mill. Among various contaminants, 
it needs to strictly control COD and ammonia–nitrogen 
(NH3–N) emissions to protect water resources [18].

Fig. 2. Single-layer neural network structure.
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3.2. Water quality classification

According to relevant theories in system theory, the 
groundwater environmental quality assessment system 
contains information order degree and information utility 
through information entropy. Based on the entropy weight 
method, the weight of 9 indicators of groundwater environ-
mental quality in Xi’an is calculated. The results are shown 
in Table 2. The groundwater quality was further evaluated 
according to China’s current water quality standards, and 
the groundwater water quality data were divided [19]. After 
sorting, the top 6 factors were selected as pH, Cl–, SO4

2–, 
NO3−, TDS and F–. Next, each element is graded according 
to the grade interval set by the standard for underground 
water quality, and the results are collated.

Finally, the grade divided by each element in each group 
of data is counted, and the one with the most number of 
grades in this group of data is identified as the water qual-
ity grade evaluation result of this group (if there are two 
grades in the same group with the same number of times, 
the classification shall follow the principle of “superior” 
rather than “inferior”. For example, if level 2 occurs twice 
and level 3 occurs twice, the final result is 2).

15 typical groundwater reservoirs in the study area 223 
samples category, class II and class III water quality, four 
and five respectively 47, 120, 47, 6 copies and 3, respectively 
accounted for 21.07% of the total groundwater samples, 
54.26%, 21.07%, 2.64% and 1.32%, 96% than class III water 
quality above, suitable for centralized drinking water and 
industrial and agricultural water; In the groundwater qual-
ity classification, the chemical components of category IV, 
which accounted for 2.64%, were relatively high. Based on 
the water quality requirements for agriculture and industry 
as well as a certain level of human health risks, it was suit-
able for agricultural and part of industrial water and could 
be used as drinking water after proper treatment. Category 
V groundwater, which accounts for 1.32% of the ground-
water quality classification, has a high chemical component 
content and is not suitable for domestic reference water 
sources. It can be selected according to the purpose of use.

3.3. Correlation between water quality variables and grades

Spearman correlation coefficient, also known as Spearman 
rank correlation coefficient. “Rank” can be understood as 

an order or a sort of achievement, so it is solved according 
to the ranking position of the original data, and this rep-
resentation form does not have the restrictions of finding 
Pearson’s correlation coefficient [20].

Now X and Y are defined as two groups of data, and the 
Spearman correlation coefficient calculation formula is as 
follows:
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where di is the rank difference between Xi and Yi (the rank 
of a number is the number of bits in the column sorted from 
smallest to largest) and rs is between –1 and 1 rs = 1, perfect 
positive correlation; rs = –1, completely negative correla-
tion; rs > 0, positive correlation; rs < 0, Negative correlation. 
The closer r is to 1, the higher the correlation between sam-
ples. The closer r is to 0, the lower the correlation between 
the samples.

Table 3 presents the correlation analysis results of these 
9 variables and the grade of groundwater environmen-
tal quality. The correlation between pH and the grade of 
groundwater water quality is low (r = 0.111). The negative 
correlation between pH and Cl–, SO4

2–, TDS, NO3−, NO2−, 
and COD is mainly due to the fact that a large amount of 
rainwater penetrates into the aquifer in the rainy season. 

Table 1
Groundwater quality parameters and summary basic statistics of the Xi’an

Parameters Mean S.D. Min. Max. Standard Below standards for all sites (%) Units

pH 7.81 0.40 7.09 9.08 6.5–8.5 0.00
NH3–N 0.49 4.04 0.01 58.50 0.5 86.67 mg/L
Cl– 85.66 62.01 4.09 435.00 250 100.00 mg/L
SO4

2– 142.81 98.91 1.65 655.00 250 93.33 mg/L
NO3− 71.13 146.05 0.00 880.00 20 46.67 mg/L
NO2− 0.17 0.72 0.001 8.07 1 100.00 mg/L
TDS 825.03 435.35 144 2,724.00 1,000 86.67 mg/L
COD 1.30 1.12 0.32 9.26 3 93.33 mg/L
F– 0.79 2.74 0.05 41.00 1 93.33 mg/L

Table 2
Weight calculation results of entropy weight method

Parameter Weight

pH 0.164761
NH3–N 0.028141
Cl– 0.130441
SO4

2– 0.113381
NO3− 0.145741
NO2− 0.048108
TDS 0.128198
COD 0.088546
F– 0.152683



Y. Ding et al. / Desalination and Water Treatment 242 (2021) 226–234232

Under the interaction of water-rock, the ion concentration 
increases and the pH value of groundwater is reduced. At 
the same time, under the influence of negative correlation 
between NO3− and NH3–N and COD, NH3–N and COD are 
weakly correlated with the grade of underground water 
quality (r = 0.085).

It can be further obtained from Cl–, SO4
2−, TDS, NO3−, 

NO2−, F– has a strong positive correlation with groundwater 
quality grade (R-value is 0.348–0.588), indicating that ions 
from common sources have a significant correlation with 
groundwater environmental quality grade. Therefore, the 
groundwater quality in the study area is obviously affected 
by Cl–, TDS, F–, NO2−, SO4

2− and NO3−, as well as potentially 
affected by NH3–N and COD, indicating that human activi-
ties have an important impact on groundwater quality grade. 
Among them, Cl–, SO4

2− and TDS showed a strong positive 
correlation (0.70–0.855), the results show that the groundwa-
ter quality may be affected by the pollution sources such as 
food factories, sewage treatment plants or paper mills [21].

3.4. Identify the main impact factors via PCA

Use SPSS software to solve and analyze: PCA princi-
pal component dimension reduction toolbox in statisti-
cal software SPSS 12.0 was used to input the standardized 
data matrix with covariance matrix and maximum variance 
method for dimension reduction. The output results of SPSS 
are summarized in Tables 4 and 5. As shown in Table 1, the 
cumulative variance contribution rate of the first three com-
ponents reached 99.71%. Meanwhile, as shown in Fig. 4, 
the distribution curve of characteristic roots gradually flat-
tens out after the third characteristic root, so it is reasonable 
to extract the first three principal components.

PCA can effectively eliminate the overlap sampling data, 
non-homogeneity and periodic trends of correlation infor-
mation, compression is applied to the matrix, in at the same 
time retaining as much as possible to reduce the number of 
matrix d matrix in the main features of the representative 
of multivariable comprehensive factor to reflect the orig-
inal variable information as much as possible, will use the 
original water quality influence factors into explains mainly 
the main component of information, dimension reduction 

to improve the modeling speed, so as to achieve the aim 
of simplifying space and the amount of data, to identify the 
influence of groundwater environment quality potential 
pollution sources [22]. According to the above analysis, the 
spatial distribution of factors after rotation of PCA principal 
component method will use the three principal components 
after dimensionality reduction of PCA as input variables 
to establish a neural network for water quality rating.

3.5. Model solution and comparison

According to the above theory, the establishment of 
GA-BP neural network water quality rating model, the 
results after PCA dimension reduction above as the eigen-
values of the neural network training, the input data 

Table 3
Spearman correlation analysis result

pH 
(mg/L)

NH3–N 
(mg/L)

Cl–  
(mg/L)

SO4
2– 

(mg/L)
NO3− 
(mg/L)

NO2− 
(mg/L)

TDS 
(mg/L)

COD 
(mg/L)

F– (mg/L) Grade

pH 1 0.201** –0.215** –0.295** –0.091 –0.076 –0.271** –0.146* 0.139* 0.111*
NH3–N 0.201** 1 0.068 0.053 –0.222** 0.189** –0.013 0.263** 0.006 0.085
Cl– –0.215** 0.068 1 0.700** 0.460** 0.326** 0.843** 0.192** 0.196** 0.588**
SO4

2– –0.295** 0.053 0.700** 1 0.421** 0.296** 0.855** 0.169** 0.179** 0.558**
NO3− –0.091 –0.222** 0.460** 0.421** 1 0.349** 0.577** –0.273** 0.117* 0.528**
NO2− –0.076 0.189** 0.326** 0.296** 0.349** 1 0.303** 0.143* 0.238** 0.348**
TDS –0.271** –0.013 0.843** 0.855** 0.577** 0.303** 1 0.129* 0.173** 0.559**
COD –0.146* 0.263** 0.192** 0.169** –0.273** 0.143* 0.129* 1 0.076 0.013
F– 0.139* 0.006 0.196** 0.179** 0.117* 0.238** 0.173** 0.076 1 0.454**
Grade 0.111* 0.085 0.588** 0.558** 0.528** 0.348** 0.559** 0.013 0.454** 1

Table 4
PCA principal component results

Principal 
components

A total of Percentage of 
variance

Cumulative 
%

1 13,0516.97 59.40 59.40
2 66,894.27 30.45 89.85
3 21,661.70 9.86 99.71

Table 5
PCA principal component coefficients

Parameters 1 2 3

pH –0.071 –0.248 –0.240
NH3–N –0.053 –0.008 –0.021
Cl– 0.760 0.370 0.326
SO4

2– 0.348 0.917 0.188
NO3− 0.945 0.244 –0.219
NO2− 0.095 0.074 0.067
TDS 0.767 0.552 0.327
COD (mg/L) 0.004 0.049 0.200
F– (mg/L) 0.094 0.027 0.124
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layer water quality indicators for PH, ammonia (NH3–N) 
and chloride ions, each group of data of the groundwa-
ter environment quality level as the output value of the 
neural network training, with the GA to optimize the 
BP neural network until reaching the optimal precision. 
The parameters of the genetic algorithm and BP neural 
network are shown in Tables 6 and 7.

In order to make the model more reliable, this paper 
ran 30 times in MATLAB and took the median value as the 
resulting model. After the optimal weight is assigned to the 
neural network, the neural network converges to the 378 gen-
erations. The GUI interface of the neural network is shown 
in Fig. 5.

The rating accuracy of GA-BPNN was 90.91%, and 
that of the back-propagation neural network (BPNN) was 
63.64%. Fig. 5 shows the comparison between the prediction 
results of the two methods and the actual rating. It can be 
seen that the accuracy of GA-BPNN is significantly better 
than that of BPNN.

The results prove that the improved BP neural network 
established by GA in this paper has higher accuracy, reach-
ing 90.91%, which is obviously better than the traditional 
BPNN. The genetic algorithm as a kind of from the biologi-
cal natural selection and genetic mechanism of the random 
search algorithm, BP neural network optimized for better 
performance, for water quality evaluation has brought 
great convenience so that applied to the water quality 
monitoring of groundwater and surface water, especially 
in the management of water resources has great reference 
value in [23,24].

4. Conclusions

In this study, the cubic interpolation method was used 
to supplement the missing data, and negative indicators 
such as pH bidirectional index and ammonia nitrogen 
were standardized. The entropy weight method was used 
to classify the groundwater quality grade of Xi’an City. The 
results showed that 4% of the 15 groundwater monitoring 
points in Xi’an City did not meet the standard of domes-
tic drinking water. In order to analyze the correlation of 
groundwater environmental quality indexes in the study 

area, Spearman correlation analysis shows that Cl–, TDS, 
F–, NO2−, SO4

2− and NO3− have a large correlation, while 
pH, NH3–N and COD have a slight correlation, among 

 
Fig. 4. Gravel figure.

Table 6
Parameters selected by the genetic algorithm

Parameter Value

Maximum number of evolutions 500
Population size 30
Crossover probability 0.75
Mutation probability 0.1

Table 7
Selected parameters of GA-BPNN

Parameter Value

Learning algorithm Traingdx
Activation function Input layer tansig, 

Output  layer purelin
Loss function MSE
Maximum learning frequency 500
Number of hidden layers 15
Vector 0.1
Ratio of training set 80%
Test set ratio 20%

Fig. 5. Neural network training GUI interface.
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which Cl– has a strong positive correlation with SO4
2− and 

TDS. PCA results show that a city life factory drainage, 
drainage and other reasons, level of human activities on 
the groundwater quality in some important influence, the 
main composition of influence the groundwater environ-
ment quality grade is pH, NH3–N and F–, the PCA dimen-
sionality reduction after three principal components as 
input variables, the establishment of GA optimized BP 
neural network water quality rating model, after two kinds 
of methods of prediction results and the actual rating con-
trast, GA-BPNN grading accuracy rate of 90.91%, higher 
than BPNN 27.27%, therefore, accurate assessment, mod-
eling and prediction of groundwater environmental qual-
ity and optimization control of important parameters have 
brought great convenience for water quality assessment 
and have a good reference value.
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