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Abstract: After the water pollution (WP) incident, it has caused a serious impact on the 

natural environment, people's health, residents' daily life, and social economy. It is more 

urgent to promote the economy and environment with high level and quality, which puts 

forward new requirements for environmental managers. In recent years, the prediction and 

early warning of water bodies using decision tree (DT) algorithm has received extensive 

attention. Therefore, this paper adopts the DT algorithm and establishes a WP early 

warning model (EWM) with the support of electronic information technology (EIT). This 

model is used to monitor a river reach and water quality indicators, analyze the changes of 

water quality parameters, and analyze the water quality status. This efficient and accurate 

prediction and early warning technology is conducive to timely response to WP events, 

which is of great significance for ecological protection and environmental 

decision-making. 

1. Introduction 

In recent years, China's government has attached importance to water pollution control and 

committed to raising people's awareness of environmental protection, so the quality of the water 

environment has been greatly improved, but the rapid development of industry has led to frequent 

water pollution accidents, how to prevent water pollution or minimise the damage caused by water 

pollution accidents has become one of the hot spots of research in the field of water environment. 

Scholars have achieved certain research results in water pollution early warning. For example, 

some scholars have constructed a new model for water quality prediction based on BP neural 

network optimisation and used the method to identify the time and location of pollution sources in 

rivers and lakes, verifying the excellent performance of the method. In addition, combining the 
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inverse probability method and linear regression model, a differential evolutionary algorithm was 

used to identify the location of pollution sources, the time of discharge and the total discharge of 

unexpected water pollution events, transforming the pollution source identification problem into a 

more solvable optimisation model [1]. Some scholars have implemented groundwater inherent 

vulnerability assessment based on GIS technology and groundwater pollution early warning using 

set-pair analysis [2]. Some researchers have developed a GIS-based groundwater early warning 

system in C++, providing a water pollution early warning method for GIS, evaluating and grading 

pollution, considering the current situation and development trend of water pollution early warning, 

and carrying out the development of water pollution early warning and water quality dynamic 

mapping output function [3-4]. At this stage for water quality data processing methods are often still 

on the traditional calculation software, hope that in the future can be more advanced technology to 

monitor water quality. 

This paper first introduces the related concepts and models of DT algorithm, and expounds the 

characteristics of WP accidents. Then, based on the data number algorithm and EIT, a WP EWM is 

constructed, as well as the four main functional modules of the analysis model. Finally, the 

application of the EWM in water quality monitoring and water quality index prediction is analyzed. 

2. Related Algorithms and WP Accidents 

2.1. DT Algorithm 

DTs are widely used and are commonly used to solve two-class classification problems. With 

regard to classification, we study known training data, generate a mapping template combining 

classification results and features, and use this template to map the classified data [5]. The 

information gain in a DT can be expressed in terms of information entropy. Information entropy is 

used to measure the similarity of samples. The lower the information entropy, the more similar the 

data in the branch and the higher the purity of the data. 
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Where D denotes the sample set and the proportion of the kth class of samples is 
p

k . If the 

feature a can be taken to any value in, then the sample can be divided into V parts according to the 

feature a. The samples in each branch take the same value on the a feature, and this branch can be 

noted as DV, and Ent(DV) can be calculated according to equation (1), and then the information 

gain of the feature a is deduced based on the increase of the weight of the proportion as shown in 

equation ( 2) is shown. 
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The DT classification method starts from the root node, starts testing for each feature, assigns 

each feature to a child node according to the test obtained, and calculates its information gain 

separately for the classification, so as to select the most efficient child node and recursively until it 
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reaches the leaf node [6]. 

2.2. Characteristics of WP Accidents 

WP accidents are divided into sudden accidents and gradual accidents, both of which have their 

own distinctly different characteristics [7]. Sudden WP accidents in the accident occurred in the 

time and space, watershed sex, the impact of the consequences, disposal and impact time and 

emergency subjects and other general water pollution accidents have distinctly different 

characteristics. 

Uncertainty in the waters in which they occur: waters are divided into reservoirs, lakes, rivers, 

estuaries, oceans and groundwater, but the velocity and flow of water have a significant impact on 

the rate of dispersion of pollutants [8]; even within the same river, different points of flow have 

very different flow characteristics. 

Uncertainty about pollution sources: It is difficult to determine the pattern of pollution impacts 

and the capacity for environmental damage because of the different types and quantities of 

pollutants that cause water pollution incidents. However, the type and quantity of pollution sources 

are important parameters for dealing with water pollution incidents and mathematical modelling of 

water quality [9-10]. 

Uncertainty of harm: the exploitation of water in various forms and degrees, i.e. water functions 

differently [11]. Water pollution incidents of the same scale and degree of pollution also have 

different pollution consequences; if urban and rural water pollution incidents are of the same scale 

and degree, the consequences of the damage can be very different, with urban damage being much 

greater than rural damage and the negative impacts of urban water pollution being higher than rural 

[12-13]. 

3. DT Algorithm and EIT Based on the WP EWM 

3.1. DT Algorithm and EIT in the Application of WP Early Warning 

With the further development of artificial intelligence, the application of EIT to the information 

processing of water quality spectra can effectively improve the measurement stability, real-time and 

accuracy of traditional instruments. EIT is the primary technology for the construction of many 

intelligent systems in today's society, and the application of this technology in WP monitoring is to 

analyze water quality parameters through spectral instruments [14]. 
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Figure 1. WP early warning method system structure diagram 
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As in Figure 1, after collecting water quality, the UV appearance was standardised using water 

quality data from the spectra to understand the water quality collection, thus enabling the transfer of 

early warning models, reducing the resources required to calibrate equipment and improving the use 

of models, resulting in a standardised UV-Vis spectral water quality database for spectral standard 

instruments [15]. Due to the standardised UV levels of different rivers, various indicators and 

algorithmic models were selected during data collection, so that a DT algorithm can be used to 

extract UV-Vis spectral water quality data features, in order to learn and model the spectral 

information used to extract spectral water quality data features, apply the classification of spectral 

information to study the quality of water spectral information, and analyse water quality through a 

decision algorithm classification [16]; using the water quality analysis model, based on the 

advantages of electronic information technology, and take full advantage of its efficient computing 

power and its portability, to achieve the processing of water quality data, and by setting up a water 

pollution early warning system environment, can real-time display of water quality, so as to achieve 

water pollution early warning [17-18]. 

3.2. The Main Modules of the WP Early Warning Platform 

(1) Real-time data module 

The system waits as simply as possible for information on the quality of the water module given 

in real time, these monitoring stations are evenly distributed in the basin and basically reflect the 

overall water quality in the basin. The interface shows the latest trends in the concentration of 

monitoring parameters, such as monitoring stations and real-time concentration values for different 

water quality parameters. A small box in the left corner of the system page provides information 

through alarms. When the parameters are based on standards or sudden water pollution, an option 

box showing alarm information and alarm sounds will be opened. 

(2) Historical data module 

The historical data module of the system has three sub-modules: single station history, multi-site 

history and data statistics. Only one station module can display station information at different 

times. After selecting a page, click the desired button to view the start time and the water quality 

parameters from the last time the selected page was set up to view the data in the default 

distribution format. If you want to see the difference in water quality parameters in the basin over a 

certain period of time, you can click on the graph button on the page. 

(3) Water quality warning module 

The system's water quality early warning module consists of two major components: water 

pollution early warning and threshold early warning. In the threshold warning module, the first 

water quality warning parameters should be set for the first time, when the water quality parameters 

measured with monitoring instruments are drawn in the centre of the set water quality parameter 

concentration curve, the alarm is set to issue a warning sound and the real water quality parameter 

changes are recorded. The process of water pollution warning is to first input the relevant 

hydrological and geographical information of the watershed where the water pollution occurs, and 

then selects the appropriate warning model, after setting the initial parameters of the model to study 

the algorithm and get the final result of the warning. 

(4) Auxiliary function module 

The auxiliary function module of the early warning system has valuable, easy to access and use 

assistive technologies. The module mainly consists of registration and login functions, and user 

rights setting functions. The login function secures the system by not allowing users to log in to the 

platform without a registered account, to ensure that registered users have safer access to system 

functions. Role and permission settings are the user can access the system functions to do a more 
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detailed boundary, ordinary users can only see real-time monitoring interface, past data interface 

and water quality assessment interface and other non-functional interface, while the administrator 

can enter information such as water quality assessment model, water quality warning mode data, 

through the permission control to ensure that the system can be long-term stable operation. 

4. WP EWM Application 

In order to verify the establishment of the WP EWM, selected a river section of the real-time 

online monitoring station data for application. Monitoring the site of dissolved oxygen, ammonia 

nitrogen, potassium permanganate, total phosphorus (TP) and other water quality indicators, they 

will be used as the verification object, the time range to choose nearly a year of observed data, 

monitoring frequency of 4 hours once, the basic characteristics of the data sequence is shown in 

Table 1 and Figure 2. 

 

Table 1. Measured data series characteristic value (mg / L) 

 Dissolved oxygen Ammonia 

nitrogen 

Potassium 

permanganate 

TP 

Max 14.68 17.41 23.25 1.36 

Min 0.76 0.35 5.77 0.18 

Mean 5.27 6.32 10.49 0.43 

Variance 2.94 3.61 3.23 0.22 

Median 5.38 4.73 11.05 0.40 
 

 

Figure 2. Distribution of evaluation indicator characteristics 

As shown in Table 2 is the predicted and measured values of the four water quality indicators, 

the comparison shows that the difference between the predicted and actual values of each parameter 

is very small, indicating that the EWM in this paper has a very accurate prediction effect and can 

monitor the health of water quality. 
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Table 2. Comparison of predicted and measured values of water quality indicators 

Monitoring serial number 30 40 50 60 70 80 

 

Dissolved 

oxygen 

Predicted 

value 
3.58 6.14 2.73 4.92 3.36 5.95 

Measured 

value 
2.46 6.23 2.75 4.87 3.42 5.91 

 

Ammonia 

nitrogen 

Predicted 

value 
1.15 1.38 1.54 1.13 2.65 2.84 

Measured 

value 
1.23 1.36 1.55 1.17 2.66 2.80 

 

Potassium 

permanganate 

Predicted 

value 
5.93 7.48 8.12 3.74 6.49 3.61 

Measured 

value 
5.96 7.45 8.09 3.68 6.53 3.63 

 

TP 

Predicted 

value 
0.35 0.47 0.32 0.51 0.28 0.37 

Measured 

value 
0.34 0.43 0.33 0.54 0.26 0.39 

The prediction error results of the four water quality parameters are shown in Fig. 3. From the 

overall prediction effect of the four parameters, the WP EWM established in this paper shows 

relatively good prediction results, among which the prediction effect of TP and ammonia nitrogen is 

the best, the RMSE of TP is 0.38%, MSE is only 0.003%, MAE is 0.29%; the RMSE of ammonia 

nitrogen is 2.94%, MSE is only 0.08% and MAE was 2.26%. 

 

Figure 3. Four water quality parameters prediction results evaluation (%) 

For the four water quality parameters of the predicted residual series, according to the minimum 

actual threshold method, respectively, calculated to find the corresponding minimum actual 

threshold, see Figure 4, the minimum actual threshold determined by the residual series, the 
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monitoring value within the threshold range in 99%. The abnormal thresholds of the four water 

quality parameters are 0.03, 0.26, 0.61, 0.043. 

 

Figure 4. Abnormal thresholds for water quality parameters 

In summary, the application of WP EWMs to monitor the water quality of water bodies and 

predict changes in water quality indicators can respond to WP events. 

5. Conclusion 

WP early warning system can predict the occurrence of sudden WP events and reduce the risk of 

water bodies being polluted, efficient and accurate early warning is essential for environmental 

decision-making. Current WP early warning is often by determining whether the indicators exceed a 

fixed threshold or range of change in the range of early warning, some abnormal events are difficult 

to be identified at an early stage, which increases the time from the occurrence of the accident to the 

treatment, but also increases the risk of environmental pollution. In this study, based on the 

real-time prediction of water quality, relying on EIT, timely and effective judgment of the abnormal 

phenomenon of the water body, and to determine the level of early warning, reduce the harm caused 

by sudden WP events, to provide a theoretical basis for WP disposal decisions. 
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