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Abstract: Based on the primary data simulated by WRF-CMAQ model at each 

monitoring point, combined with the measured data, multiple linear regression, ARIMA 

time series prediction and VGG16-LSTM model are used to improve the accuracy of 

prediction. For question 1, the measured data of monitoring point A from August 25 

to August 28, 2020 have been given. We use Python to program the calculation 

formula to calculate the daily AQI value and the corresponding primary pollutant. The 

results showed that except that there was no major pollutant on the 26th day, the 

major pollutant on the other three days was O3. For question 2, the table data in 

Annex 1 is preprocessed first. The first step is to detect missing data, and use 

Lagrange interpolation to fill in missing values of effective indicators. The second step 

is to draw a boxplot to detect outliers, find some outliers, and retain a small number 

of outliers in combination with the background. The third step is data normalization. 

We selected five meteorological factors, temperature, humidity, air pressure, wind 

speed and wind direction, to study the correlation between pollutant concentration 

and meteorological conditions. By using Pearson correlation coefficient, it is verified 

that five meteorological factors have passed the significance test. Among them, the 

influence of wind direction on pollutant concentration is relatively small. Since no 

topographic data is given in the title, we believe that the wind direction is basically 

irrelevant. We also use the hierarchical clustering method to obtain that the 

temperature, humidity, wind speed and most of the pollutant concentrations are nearly 
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negatively correlated, while the impact of air pressure on the pollutant concentrations 

is more complex. For question 3, this paper first analyzes the measured data through 

ARIMA time series prediction to predict the meteorological parameters of the three 

monitoring points in the next three days. The multiple linear regression equation 

between the predicted pollutant concentration data and the measured data is 

established, and the residual equation with temperature, humidity, air pressure and 

wind speed as independent variables is obtained. Combined with the above two steps, 

the approximate difference between the forecast data and the measured data in the 

next three days can be calculated, which can play a role in correction. According to 

the calculation, there is no primary pollutant in the first two days of monitoring point 

A, and the primary pollutant in the third day is O3; Monitoring point B has no major 

pollutants in three days; The primary pollutant of monitoring point C in three days is 

O3. For question 4, this paper first established a linear equation between the main 

monitoring point and the three sub monitoring points on the five factors of distance, 

temperature, humidity, atmospheric pressure and wind speed, which is used to 

explore the concentration difference of pollutants between each point. Taking the 

pollutant concentration prediction as the starting point, VGG16 is used to extract the 

spatial domain characteristics, LSTM network is used to extract the time domain 

characteristics, and VGG16+LSTM fusion model is established to predict the 

concentration values of the summer meteorological data of A1, A2 and A3 monitoring 

points in the next 3 days predicted according to ARIMA. Combined with the pollutant 

concentration difference between A and the three sub monitoring points, the predicted 

value of pollutant concentration at monitoring point A is corrected for the second time. 

The calculation steps of pollutant concentrations of A1, A2 and A3 are similar. It is 

proved that the synergetic prediction model can improve the prediction accuracy. 

 

Keywords: Pearson correlation, multiple linear regression, ARIMA model, VGG16-

LSTM model. 

 

1. Background 

In recent years, with the rapid development of economy, society and urbanization, the 

atmospheric environmental problems have become increasingly prominent, and the 

air pollution situation has become more and more serious. Air pollution has caused a 

series of adverse effects on human health, ecological environment and climate. Among 

them, too high concentration of sulfur dioxide will make it difficult for people to breathe, 

and will form acid rain after entering the atmosphere, which will do great harm to 

buildings, forests, lakes and soil; Suspended particles can cause respiratory diseases, 

affect the healthy growth of plants, kill microorganisms, cause changes in the food 
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chain, block sunlight and may change the climate; Nitrogen oxides can stimulate 

people's eyes, nose, throat and lungs, increase the incidence rate of virus infection, 

form urban smog, affect visibility, destroy leaf tissues, inhibit plant growth, form nitric 

acid droplets in the air, and generate acid rain. Carbon monoxide is harmful to patients 

with heart disease, anemia and respiratory disease; Ozone can also stimulate human 

organs and cause necrosis of plant leaves (Wang, 2021). In order to further prevent 

and control air pollution and win the battle of defending the blue sky, the government 

departments organize relevant personnel to design the air quality prediction model, 

predict the possible process of air pollution, and take control measures for air pollution 

in advance. However, because the simulated meteorological field, pollutant 

composition and generation mechanism are not clear, the results of the existing WRF-

CMAQ prediction model are not ideal. Therefore, we need to establish a secondary 

model. On the basis of the simulation results of the primary prediction model, we need 

to re model the collected data to improve the accuracy of the prediction. 

This paper analyzes the interaction between air pollution and meteorological 

conditions, in order to provide the basis for effectively improving environmental quality 

and controlling atmospheric environmental pollution, so as to further improve air 

quality, protect human life and health, and optimize the agricultural production 

environment. There are many meteorological conditions that affect the atmospheric 

pollution. This paper focuses on five aspects: temperature, humidity, pressure, wind 

speed, and wind direction. It is necessary to use as few and necessary factors as 

possible to predict the future atmospheric quality, which lays a foundation for the study 

of air pollution related issues and is a necessary act with scientific value. At the same 

time, further analyze the historical air pollution data and meteorological data, and 

compare them with the previous forecast data, in order to correct the meteorological 

data and establish a reasonable prediction model to fit the air pollution situation, which 

can achieve accurate prediction of future air pollution. The air pollution prediction 

system established based on this model is a necessary condition for the assessment 

and early warning of future air pollution. Relevant environmental protection 

departments and agricultural departments can accurately grasp the future pollution 

situation and take appropriate prevention and control measures based on real-time 

data. This is a very important basis for effectively grasping the degree of air pollution, 

efficiently preventing and improving air quality. 

 
2. Restatement of the problem 

This topic focuses on air pollution and meteorological conditions, and requires data 

calibration based on the simulation results of WRF-CMAQ and other primary prediction 

models, combined with a large number of measured data, so as to improve the 
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accuracy of prediction. The core of this project is to find out the factors that cause the 

difference between the pollutant concentration in the primary forecast data and the 

measured data, such as temperature, humidity, wind speed and other natural 

meteorological data. Of course, there may also be secondary pollution among various 

pollutants. So we need to solve the following problems: 

(1) Question 1 requires us to use the formula in the appendix to calculate the AQI and 

primary pollutants measured daily from August 25 to August 28, 2020. We can use 

Python programming to calculate Individual Air Quality Index (IAQI) of each pollutant, 

and then take the maximum value of each sub index according to the calculated AQI 

to obtain the primary pollutant. 

(2) Question 2 requires us to classify meteorological conditions according to the 

influence degree of pollutant concentration. We can see from the attachment that 

there are large data anomalies, so we need to use the Lagrangian interpolation method 

in interpolation analysis to interpolate the outliers of the given data. With complete 

data, we need to carry out correlation analysis on pollutants and meteorological 

conditions, use hierarchical clustering for intuitive classification, and finally describe 

the characteristics of meteorological conditions of each type of data, as well as the 

impact of these meteorological characteristics on pollutant diffusion or sedimentation, 

and then on AQI. 

(3) Question 3 requires us to use the measured data sets of three sites, combined 

with the WRF-CMAQ one-time forecast data, to predict the single day concentrations 

of six conventional pollutants in the next three days. We need to focus on analyzing 

the residuals between the primary forecast data and the measured data, and use the 

secondary model to improve the accuracy of pollutant prediction. At the same time, 

how to evaluate the prediction effect of the model should also be considered. 

(4) Question 4 requires us to establish a collaborative prediction model based on the 

quadratic model obtained in question 3, combining the primary prediction data and 

the measured data of three collaborative monitoring points near monitoring point A. 

Predict the single day concentration values of six pollutants in four locations A, A1, A2 

and A3 in the next three days. It also discusses whether the collaborative forecasting 

model can improve the accuracy of pollutant concentration prediction at monitoring 

point A compared with the quadratic model. 

3. Assumptions of the model 

(1) The data error caused by random noise in the storage, transmission and 

distribution of monitoring data is not considered. 

(2) It is assumed that the meteorological conditions affecting the change of pollutant 

concentration are temperature, humidity, air pressure, wind speed and wind direction, 

and the weak effects of other meteorological conditions are not considered. 
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(3) The interaction among monitoring points A, B and C is not considered. 

(4) The error impact caused by mutual interference of monitoring equipment at each 

monitoring point is not considered. 

 

4. Symbol Description 

Symbol Symbol Description 

𝐴𝑖
𝑝
 

Concentration of pollutant P monitored at monitoring point 

𝐴𝑖 

𝐷𝑖𝑗 Linear distance between 𝐴𝑖 and 𝐴𝑗 

∆𝑇𝑖𝑗  Temperature difference between 𝐴𝑖 and 𝐴𝑗 

∆𝐻𝑖𝑗 Humidity difference between 𝐴𝑖 and 𝐴𝑗 

∆𝑃𝑖𝑗 Air pressure difference between 𝐴𝑖 and 𝐴𝑗 

∆𝑊𝑆𝑖𝑗 Wind speed difference between 𝐴𝑖 and 𝐴𝑗 

 

5. Establishment and solution of model 

5.1 Question 1 

5.1.1 Analysis and arrangement of question 1 

Question 1 requires us to calculate the AQI and primary pollutants measured daily at 

monitoring point A from August 25 to August 28, 2020. 

Firstly, Individual Air Quality Index (IAQI) of various pollutants (CO、SO2、NO2、O3、

PM10、PM2.5) should be obtained. The calculation formula is as follows: 

IAQIP =
IAQIHi − IAQILo

BPHi − BPLo

⋅ (CP − BPLo) + IAQILo 

Including IAQIP is the air quality sub index of pollutant P, and the result is rounded to 

an integer; CP is the mass concentration of pollutant P; BP_ Hi, BP_ Lo is the same as 

CP High and low values of similar pollutant concentration limits; IAQIHi, IAQILo is related 

to BPHi, BPLo air quality sub index corresponding. The concentration limits and 

corresponding air quality sub index levels of various pollutants are shown in Table 1. 

 

Table 1 Air Quality Sub index and Corresponding Concentration Limits of Pollutants 

Number 
Index or pollutant 

item 

Air quality sub index and corresponding pollutant 

concentration limit 

Unit of 

measurement 

0 

Individual Air 
Quality Index
（IAQI） 

0 50 100 150 200 300 400 500 - 

1 
Carbon monoxide 
(CO) 24h average 

0 2 4 14 24 36 48 60 mg ∕ m3 

2 
Sulfur dioxide 

(SO2) 24h average 
0 50 150 475 800 1600 2100 2620 

μg ∕ m3 

3 
Nitrogen dioxide 

(NO2) 24h average 
0 40 80 180 280 565 750 940 
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4 

Ozone (O3) 

maximum 8-hour 
sliding average 

0 100 160 215 265 800 - - 

5 
24h average 

particle size ≤ 10 

(PM10) 

0 50 150 250 350 420 500 600 

6 
24h average 

particle size ≤ 2.5 
(PM2.5) 

0 35 75 115 150 250 350 500 

 

The air quality index (AQI) takes the maximum value of each sub index, namely 

AQI = max{IAQISO2
, IAQINO2

, IAQIPM10
, IAQIPM2.5

, IAQIO3
, IAQICO} 

When the AQI is less than 50, it is said that there is no primary pollutant on that day. 

When the AQI is greater than 50, the largest pollutant of IAQI is the primary pollutant. 

If the largest pollutant of IAQI is two or more, it will be listed as the primary pollutant. 

Pollutants with IAQI greater than 100 are over standard pollutants. 

5.1.2 Solution of question 1 

We extracted the daily measured data of six major pollutants from August 25 to August 

28, 2020, as shown in Table 2 below. 

 

Table 2 Concentration of Six Pollutants at Monitoring Point A 
Monitor

ing 

date 

Place 

SO2 

monitoring 

concentration 

NO2 

monitoring 

concentration 

PM10 

monitoring 

concentration 

PM2.5 

monitoring 

concentration 

Maximum 8-hour sliding average 

monitoring concentration of O3 

CO monitoring 

concentration 

2020/8/

25 

Monitori

ng point 

A 

8 12 27 11 112 0.5 

2020/8/

26 

Monitori

ng point 

A 

7 16 24 10 92 0.5 

2020/8/

27 

Monitori

ng point 

A 

7 31 37 23 169 0.6 

2020/8/

28 

Monitori

ng point 

A 

8 30 47 33 201 0.7 

 

Based on the above algorithm, we use Python programming to quickly calculate the 

following results, as shown in Table 3: 

 

Table 3 AQI Calculation Results 

Monitoring date Place 
AQI calculation 

AQI Primary pollutant 

2020/8/25 Monitoring point A 60 O3 

2020/8/26 Monitoring point A 46 No primary pollutant 

2020/8/27 Monitoring point A 109 O3 

2020/8/28 Monitoring point A 138 O3 

 

5.2 Question 2 

5.2.1 Data preprocessing 

First, we need to detect missing values. 
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(1)Indicator data missing detection 

The first step is to detect the indicator data. It is found that the monitoring 

concentration of "two dusts and four gases" (PM2.5, PM10, SO2, NO2, CO, O3) and 

five monitoring meteorological indicators (temperature, humidity, pressure, wind 

direction, wind speed) are affected by the commissioning of the monitoring station 

and some accidental factors near it, and there are some deficiencies. For example, the 

indicator data of monitoring point A from 8:00:00 on December 8, 2019 to 18:00:00 

on December 8, 2019 are missing. 

We use Lagrangian interpolation to complete the missing index data. 

𝐿𝑛(𝑥) = ∑( ∏
𝑥 − 𝑥𝑗

𝑥𝑖 − 𝑥𝑗

𝑛

𝑗=0,𝑗≠𝑖

𝑛

𝑖=0

)𝑦𝑖 

(2)Interpolation effect detection 

The second step is to test the interpolation effect. The partial data detection results 

of SO2 monitoring concentration indicators at monitoring point A are as follows: 

 

Fig. 1 Measured Value and Interpolation Distribution of SO2 Monitoring 

Concentration 

The above figure shows the measured value and interpolation distribution of SO2 

monitoring concentration. The blue point in the figure is the measured value, and the 

red point is the value after interpolation of missing value according to Lagrange 

interpolation method. It can be seen that the distribution of interpolation is similar to 

the distribution of measured values, and there is no outlier. 

(3)Data distribution detection (outlier detection) 

The third step is outlier detection. 
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Fig. 2 Box diagram of data distribution of "two dust and four gas" 

Through the detection of the distribution of each indicator data, we can clearly see 

the distribution characteristics of the data. There are some abnormal values in the 

data of "two dusts and four gases". Although some outliers appear in the box chart, 

the values are small, and the values from non outliers to outliers change continuously. 

In combination with the background of the topic, and also to better analyze and 

calculate the topic, a small number of outliers in the above figure are retained. 

(4)Data normalization 

The fourth step is to normalize the data.we use mean variance normalization. 

𝑥𝑠𝑐𝑎𝑙𝑒 =
𝑥 − 𝑥𝑚𝑒𝑎𝑛

𝜎
 

 
5.2.2 Correlation analysis of pollutant concentration and meteorology 

Different meteorology have a greater impact on the diffusion or sedimentation of 

pollutants. The concentration of each pollutant in different seasons also varies greatly, 

and the degree of influence of meteorology is also different. In order to more intuitively 

see the relationship between pollutant concentration and meteorological conditions, 

we will import the processed data into SPSS and use Pearson correlation coefficient 

for correlation calculation (Wang, 2021) (Gao et al., 2002). 

Table 4 Correlation Coefficient of Air Pollutants and Meteorology at Monitoring Point 

A 

    temperature humidity pressure 
wind 

direction 
wind 
speed 

SO2 
Pearson 

correlation 
-.142** -.448** .295** -.026** -.096** 

NO2 
Pearson 

correlation 
-.360** -.043** .309** -.081** -.465** 
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PM10 
Pearson 

correlation 
-.212** -.417** .369** -.021** -.233** 

O3 
Pearson 

correlation 
.329** -.557** -.053** -.047** .206** 

PM2.5 
Pearson 

correlation 
-.286** -.302** .392** -.016* -.318** 

CO 
Pearson 

correlation 
-.373** -.059** .332** .033** -.327** 

The final output results are shown in Table 4. Since the temperature, humidity, air 

pressure, wind direction and wind speed have passed the significance test, the 

significance column is omitted in the table. We can also get the following preliminary 

results from the table: (1) SO2, NO2, PM10, PM2.5 and CO in the “two dusts and four 

gases” show a significant negative correlation with temperature, humidity and wind 

speed, and a positive correlation with air pressure; (2) O3 is positively correlated with 

temperature and wind speed, and negatively correlated with humidity and air pressure; 

(3) The correlation between NO2 and wind speed is high; SO2, PM10 and O3 are 

highly correlated with humidity; The correlation between PM2.5 and air pressure is 

high; The correlation between CO and temperature is high (4) The correlation between 

“two dusts and four gases” and wind direction is small. Because the specific 

geographical location of the place is not clear, it is impossible to infer the specific role 

of wind direction. For the sake of simple calculation in the subsequent model, we 

hereby believe that the wind direction is basically independent of the pollutant 

concentration. 

5.2.3 Cluster analysis of meteorological conditions 
For the primary forecast data and measured data, after interpolation and filling, 

hierarchical clustering is used in SPSS to obtain two conditional clustering tree graphs. 

From the simulated forecast data, the meteorological conditions are divided into three 

categories. The first category includes specific humidity, cloud amount, rainfall, wind 

speed of 10m near the ground, temperature of 2m near the ground, latent heat flux, 

humidity, atmospheric pressure, wind direction of 10m near the ground and sensible 

heat flux; The second is surface temperature and long wave radiation; The third type 

is ground solar radiation energy and short wave radiation. These three categories are 

based on the classification of the impact degree of pollutant concentration. However, 

in the subsequent secondary prediction model, these meteorological conditions are 

too miscellaneous, and some actual impact effects overlap. Therefore, we select the 

measured meteorological conditions in the measured data for clustering research. 

The meteorological conditions in the measured data can be divided into two categories. 

The first category is nearly negative correlation with the concentration of most 

pollutants, including temperature, humidity, wind speed and wind direction; The other 

type has only air pressure, which has a more complex impact on the concentration of 
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pollutants, and requires further research. 

5.3 Question 3 

5.3.1 Analysis and sorting of question 3 

 

 

Fig. 3 Flow chart of secondary model 

5.3.2 ARIMA predicts meteorological parameters in the next 3 days 
We used the time prediction model (ARIMA) in SPSS to extract and analyze 

temperature, humidity, air pressure, wind speed and wind direction measurement data 

within the time range of three monitoring points A, B and C (2019-04-16 00:00, 2021-

07-13 07:00).Because the weather has obvious seasonality, this paper will first observe 

whether the data has seasonal components. 

Measured 

meteorological data 

at point A 

ARIMATime 

Forecast 

Meteorological data for 

the next three days 

One time 

prediction of 

pollutant 

concentration at 

Measured 

pollutant 

concentration at 

point A 

Establishing multiple 

regression by difference 

Calibration 

regression equation 

for each pollutant 
concentration 

Calibration values of 

pollutant concentrations 

in the next three days 

One time 

prediction of 

pollutant 

concentration at 

Secondary predicted 

values of each pollution 

concentration in the 

next three days at point 

A 
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Fig. 4 Temperature Time Sequence Diagram 

It can be seen from the figure that the temperature and pressure series have obvious 

seasonal components, so seasonal decomposition is required. 

Taking temperature as an example, the ARIMA model result of temperature is: ∆𝑋𝑡 =

0.581∆𝑋𝑡−1 + 𝜀𝑡 − 0.037𝜀𝑡 

 

Fig. 5 Fitting Diagram of Temperature Prediction Data and Measured Data of ARIMA 

By comparing the first forecast data with the five meteorological factors predicted by 

ARIMA method, taking temperature as an example, the graph trend is basically 

consistent. However, the difference between wind speed and wind direction is large. 

 

Fig. 6 Comparison of temperature predicted by the first prediction data and ARIMA 

Note: Light blue is the temperature data predicted once, and dark blue is the 

temperature predicted by ARIMA method. 

5.3.3 Multivariate linear regression analysis to explore the influence of 

meteorological conditions on pollutants 

According to the previous exploratory analysis of the measured data at the monitoring 

point and the prediction data of the primary prediction model, it is found that there 
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are significant differences between the data of "two dusts and four gases" at the same 

time. In order to analyze the reasons for the differences, this paper proposes to use 

the multiple linear regression analysis method (Yang, 2020) (Cui et al., 2020), with 

the differences between the primary prediction data and the measured data as the 

dependent variable, and the temperature, humidity, pressure, wind speed and wind 

direction as the independent variables, Study the linear relationship between the five 

factors of temperature, humidity, air pressure, wind speed and wind direction on the 

difference between the measured data at the monitoring point and the prediction data 

of the primary prediction model, so as to determine the influence direction and degree 

of each factor on the difference. 

Assuming that the difference between the monitoring point and the primary prediction 

model of "two dusts and four gases" is represented by vector Y, then the difference 

between the monitoring point and the primary prediction model of PM2.5, PM10, CO, 

NO2, SO2 and O3 is Y=(y_1, y_2, y_3, y_4, y_5, y_6), temperature - T, humidity - H, 

air pressure - P, wind speed - WS, wind direction - WD). Therefore, the multivariate 

linear programming model is established as follows: 

𝑌 = 𝛽0 + 𝛽1𝑊𝑆 + 𝛽2𝑃 + 𝛽3𝑅 + 𝛽4𝑇 + 𝛽5𝐻 + 𝜀. 
Among them, 𝛽0  is a constant term, 𝛽1、𝛽2、𝛽3、𝛽4、𝛽5  are the coefficients of 

temperature, humidity, air pressure, wind speed and wind direction, 𝜀 is the offset. 

The coefficient of each influencing factor is summarized and tested, and the formula 

of "two dusts and four gases" model is obtained as follows: 

𝑌1 = −14.033 + 0.250𝑇 + 0.266𝐻 − 1.646𝑃 − 3.586𝑊𝑆 + 𝜀 
𝑌2 = −7.343 − 0.208𝑇 + 0.254𝐻 − 3.347𝑃 − 4.728𝑊𝑆 + 𝜀𝑌3

= 0.265 − 0.030𝑇 − 0.002𝐻 − 0.005𝑃 − 0.054𝑊𝑆 + 𝜀 
𝑌4 = −63.936 + 1.710𝑇 + 0.125𝐻 − 2.025𝑃 − 8.552𝑊𝑆 + 𝜀 
𝑌5 = −6.376 − 0.104𝑇 − 0.057𝐻 − 1.442𝑃 − 0.958𝑊𝑆 + 𝜀 
𝑌6 = 33.032 + 8.308𝑇 + 1.264𝐻 + 2.627𝑃 + 3.311𝑊𝑆 + 𝜀 

Table 5 Influences of Four Meteorological Factors on "Two Dusts and Four Gases" 

 

PM2.5 

concentrati

on 

(μg/m³) 

PM10 

concentrati

on 

(μg/m³) 

CO 

concentrati

on 

(mg/m³) 

NO2 

concentrati

on 

(μg/m³) 

SO2 

concentrati

on 

(μg/m³) 

O3 

concentrati

on 

(μg/m³) 

Temperat

ure 
0.250 -0.208 -0.030 1.710 -0.104 8.308 

Humidity 0.266 0.254 -0.002 0.125 -0.057 1.264 

Pressure -1.646 -3.347 -0.005 -2.025 -1.442 2.627 

Wind 

speed 
-3.586 -4.728 -0.054 -8.552 -0.958 3.311 
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5.3.4 Prediction of single day concentration values at monitoring points A, B and C 

According to the calculation results of the last two steps, we will substitute the 

predicted four meteorological factors of temperature, humidity, air pressure and wind 

speed in the next three days into the multiple linear regression equation to get the 

difference value of pollutants in the next three days, and add the pollutant values 

predicted by the prediction model to get the single day concentration values of six 

conventional pollutants in the next three days. 

The results are as follows: 

Table 6 Concentration values of six conventional pollutants in the next three days 

Forecast date Place 

Prediction of daily value of quadratic model 

SO2  
(μg/m³) 

NO2  
(μg/m³) 

PM10  
(μg/m³) 

PM2.5  
(μg/m³) 

Maximum 8-hour sliding average O3 
 (μg/m³) 

CO 
 (mg/m³) 

AQI 
Primary 
pollutant 

2021/7/13 Monitoring pointA 6.28644 9.8039 17.95873 4.88904 73.83331 0.365526 37 - 

2021/7/14 Monitoring pointA 13.94954 12.8467 16.86791 3.17241 55.95670 0.397755 28 - 

2021/7/15 Monitoring pointA 5.66820 10.2984 14.49824 4.62215 121.56593 0.421013 68 O3 

2021/7/13 Monitoring pointB 5.11813 8.8014 22.90642 9.11840 34.65151 0.513430 23 - 

2021/7/14 Monitoring pointB 1.49956 3.1231 10.58160 3.43196 33.18768 0.500327 17 - 

2021/7/15 Monitoring pointB 8.91187 9.8113 14.82488 3.06500 36.96035 0.593090 41 - 

2021/7/13 Monitoring pointC 8.61527 32.1732 48.02099 28.20995 276.53967 0.580990 203 O3 

2021/7/14 Monitoring pointC 5.71906 8.0372 17.31646 6.60764 414.39041 0.363173 228 O3 

2021/7/15 Monitoring pointC 9.87549 20.5059 40.10086 19.01386 141.54904 0.571754 85 O3 

 

5.4 Question 4 

5.4.1 Analysis and sorting of problems 

The pollutant concentrations in adjacent areas are often related to each other. There 

are monitoring points A1, A2 and A3 in the area adjacent to monitoring point A. The 

distances between the two are different, which will inevitably lead to different 

monitoring of pollutant concentrations. From the previous calculation, it can be found 

that there are several meteorological conditions that affect the pollutant 

concentrations, such as temperature, humidity, atmospheric pressure and wind speed. 

Therefore, we need to explore the quantitative relationship between the pollutant 

concentrations of the three nearby monitoring points and the main monitoring points 

based on the measured data. Finally, based on the VGG16-LSTM model, the single day 

concentrations of six conventional pollutants at each station in the next three days are 

predicted using one prediction data from four monitoring points. 

5.4.2 Study on the difference of pollutant concentration among four monitoring 

points 

We use multiple linear regression to explore the difference of pollutant concentration 

data between the target monitoring point and the other three monitoring points. 

𝐴𝑖
𝑝

= ∑ (𝜃𝑗𝐴𝑗
𝑝

+ 𝛼𝑗∆𝑇𝑖𝑗 + 𝛽𝑗∆𝐻𝑖𝑗 + 𝛾𝑗∆𝑃𝑖𝑗 + 𝜂𝑗∆𝑊𝑆𝑖𝑗 + 𝜁𝑗𝐷𝑖𝑗)𝑗≠𝑖 𝑖, 𝑗 = 0,1,2,3. 

Use 𝐴𝑖
𝑝 represents the concentration of pollutant P monitored at Ai monitoring point, 
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i=0,1,2,3. (A_0 represents monitoring point A). 

𝐷𝑖𝑗 = √‖𝐴𝑖 −𝐴𝑗‖
2
，𝑖 = 0,1,2,3.  where 𝐷𝑖𝑗 stands for the linear distance between 𝐴𝑖 and 𝐴𝑗. 

∆𝑇𝑖𝑗 ，∆𝐻𝑖𝑗  ，∆𝑃𝑖𝑗，∆𝑊𝑆𝑖𝑗  represents temperature difference, humidity difference, air 

pressure difference and velocity difference of 𝐴𝑖，𝐴𝑗 two monitoring points 𝐴𝑖，𝐴𝑗. 

 

Monitoring 
point 

Coordinate 

𝐴0 (0, 0) 

𝐴1 (−14.4846, −1.9699) 

𝐴2 (−6.6716, 7.5953) 

𝐴3 (−3.3543, −5.0138) 

 

5.4.3 Establishment of regional cooperative forecasting model 

For spatial dimension, pollutant concentration and meteorological index data are input 

into VGG16 model to extract spatial dimension features; For the time dimension, the 

output of the spatial dimension characteristics of the CN model is input into the Long 

Short Memory Network (LSTM) model, and then the output of the VGG16-LSTM model 

is used as the corresponding pollutant concentration prediction value to obtain a multi 

model fusion pollutant concentration prediction network. The advantage of the 

network model proposed in this paper is to extract the features in the spatial domain 

and time domain separately. First, extract the features on the index data, and then fit 

them on the time series respectively. The two layers of neural networks of the model 

are independent of each other, and the training process is independent. Therefore, 

the backpropagation form of LSTM extracted from the time domain will not affect the 

CNN model, thus avoiding the cross confusion of feature extraction in the time domain 

and space domain (Zhang et al., 2002).  

(1) VGG16 model in spatial domain 

he air quality data studied in this paper are typical time series data, which can be 

regarded as one-dimensional grid data sampled at fixed intervals. Therefore, one-

dimensional convolution can be used to learn the relationship between time series 

data independently (Lu et al., 2002). 

VGGNet mainly uses 3 * 3 convolution kernels. Superimposing small convolution 

kernels can not only reduce the number of parameters, but also achieve the same 

effect, which is very meaningful to reduce the amount of computation. 

The network structure is composed of 13 convolution layers and 3 full connection 

layers, so it is called VGG16 network. 

(2) LSTM model in time domain 

LSTM is characterized by the addition of valve nodes at each level outside the RNN 
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structure. There are three types of valves: forget valve, input valve and output valve. 

Because it has a forgetting valve and a memory valve, it can be used to update the 

internal parameters of the model. LSTM has a remarkable effect in processing long 

sequence data such as semantic information and stocks, and it can also be used to 

build a nonlinear relationship model between different variables. 

The typical LSTM neural network structure is shown in the figure below. 

 

Fig. 7 Schematic Diagram of LSTM Model 

5.4.4 Solution of model 
Question 4 requires to predict the daily concentration values of six conventional 

pollutants. The construction of prediction models for different pollutant concentration 

values is similar to the experimental results, so take the PM2.5 monitoring 

concentration prediction model as an example. 

According to the data set divided in the previous section, use VGG16, LSTM and 

VGG16+LSTM to train the PM2.5 monitoring concentration prediction models of 

monitoring points A, A1, A2, A3 in spring, summer, autumn and winter, and use MSE 

as the evaluation index. The comparison results are shown in the following table. 

Table 7 Effect of different models on prediction models of PM2.5 detection 

concentration at monitoring points A, A1, A2 and A3 in four seasons 

 VGG16 LSTM VGG16+LSTM 

spring 32.3524 31.2261 28.2081 
summer 25.1569 18.3525 16.6814 
autumn 29.3744 31.7256 26.2135 
winter 38.2486 35.6348 33.2870 

 
In the following table, the prediction effect of VGG16+LSTM model applicable to the 

concentration values of 6 conventional pollutants at monitoring points A, A1, A2 and 

A3 is given. The evaluation index is mean square error (MSE). 

Table 8 Prediction Effect of Concentration Values of 6 Conventional Pollutants in 

VGG16+LSTM Model 

seaso
n 

SO2 
monitoring 

NO2 
monitoring 

PM10 
monitoring 

PM2.5 
monitoring 

O3 
monitoring 

CO 
monitoring 
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concentrat
ion 

concentrat
ion 

concentrat
ion 

concentrat
ion 

concentrat
ion 

concentrat
ion 

spring 11.9689 102.9660 94.9901 28.2081 83.5365 0.05321 

summ
er 

5.6837 52.2108 72.7661 16.6814 64.9476 0.04228 

autum
n 

10.4837 107.8114 109.8672 26.2135 74.8507 0.00799 

winter 8.0559 106.8173 119.7924 33.2870 94.9691 0.02627 

The prediction effect of VGG16+LSTM model on the concentration of conventional 

pollutants at monitoring points A, A1, A2 and A3 in spring, summer, autumn and winter 

is given below. Taking the prediction effect of monitoring concentration of O3 at 

monitoring point A as an example, it also contains four sub maps, which correspond 

to four seasons of spring, summer, autumn and winter respectively. 

 

Fig. 8 Prediction Effect of O3 Monitoring Concentration 

We found that no matter what kind of prediction model is used for training, there will 

be long tail phenomenon and inaccurate prediction of extreme values (Tomasz et al., 

2020). The model in this paper has a large prediction error for PM2.5 values greater 

than 80, which is likely because the model does not consider the pollution sources of 

serious pollution events and ignores other factors that have a very bad impact on 

PM2.5 values (Yuan et al., 2020). However, the effect is good for the PM2.5 value 

within the normal range. 

Since the forecast from July 13 to July 15 is in summer, the accuracy of the model can 

be effectively improved by using summer data with good fitting. 
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5.4.4 Prediction of one day concentration values at monitoring points A, A1, A2 and 
A3 

Based on the calculation results of the last two steps, we substitute the predicted 

temperature, humidity, atmospheric pressure, wind speed difference and the distance 

between the two places into the multiple linear regression equation, and get the 

difference values of six common pollutants in A, A1, A2 and A3 in the next three days. 

Then, according to the summer meteorological data of A1, A2 and A3 monitoring 

points predicted by ARIMA model in the next three days, input the VGG16-LSTM model 

to predict the concentration of six conventional pollutants at three stations, with three 

tasks in total. Finally, according to the predicted concentrations of six common 

pollutants at A1, A2 and A3 monitoring points, combined with the difference of 

pollutant concentrations at corresponding A and three sub monitoring points, the 

predicted concentrations of pollutants at monitoring point A of the regional 

collaborative forecasting model can be obtained by secondary correction. The same 

procedure is used to calculate A1, A2 and A3, and the pollutant concentration 

difference of the other three sub monitoring points is used for secondary correction. 

The final results are shown in the table below. 

Table 9 Prediction of daily values at monitoring points A, A1, A2 and A3 

Forecast 
date 

Place 

Prediction of daily value of quadratic model 

SO2  

(μg/m³) 

NO2  
(μg/m³

) 

PM10  

(μg/m³) 

PM2.5  

(μg/m³) 

Maximum 8-
hour  

sliding average 

O3 (μg/m³) 

CO 

 (mg/m³) 
AQI 

Primary 

polluta

nt 

2021/7/13 
Monitoring 

pointA 
6.41741 10.1493 17.73425 4.74903 73.83332 0.327418 37 - 

2021/7/14 
Monitoring 

pointA 
13.65892 12.8467 16.62331 1.86664 55.95699 0.441872 28 - 

2021/7/15 
Monitoring 

pointA 
5.52033 10.7459 14.49825 4.62214 118.48168 0.402699 66 O3 

2021/7/13 
Monitoring 

pointA1 
7.31720 9.9604 35.99879 16.44305 156.27179 0.288914 97 O3 

2021/7/14 
Monitoring 

pointA1 
14.34141 9.4408 35.49876 11.85049 207.20470 0.216669 143 O3 

2021/7/15 
Monitoring 

pointA1 
12.01081 21.3967 25.91844 9.214146 92.60730 0.489796 47 - 

2021/7/13 
Monitoring 

pointA2 
8.49967 10.7944 24.37334 9.50541 127.95638 0.355346 74 O3 

2021/7/14 
Monitoring 

pointA2 
11.25335 12.3412 20.61740 5.56203 171.50685 0.424079 111 O3 

2021/7/15 
Monitoring 

pointA2 
6.14376 23.4204 25.28237 8.14532 104.06791 0.578983 54 O3 

2021/7/13 
Monitoring 

pointA3 
4.35045 7.1072 8.97352 4.30685 96.41855 0.312128 49 - 

2021/7/14 
Monitoring 

pointA3 
6.28837 6.2683 8.19361 3.41613 125.20348 0.357574 72 O3 

2021/7/15 
Monitoring 

pointA3 
5.60283 12.9686 12.72389 6.07021 88.10673 0.353922 45 - 

Compared with the model in question 3, the model in question 4 is more accurate. 

The four points A, A1, A2 and A3 in question 4 have different distances, so do the 

pollutant concentration monitoring. On the basis of question 3, we take the distance 

factor into consideration and add the coordinates of monitoring points to the multiple 

regression model. On the basis of the multiple regression model, we also established 
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a VGG16+LSTM fusion depth learning model to predict the concentration values of six 

conventional pollutants at four monitoring points A, A1, A2 and A3. This model not 

only considers the spatial change characteristics of monitoring points, but also takes 

into account the changes of data at each monitoring point over time. 

 

6. Evaluation and promotion of the model 

6.1 Model evaluation 

6.1.1 Advantages of the model 

(1) For question 1, this paper uses Python programming to calculate AQI and primary 

pollutants according to the air quality sub index of each pollutant, which realizes fast 

calculation. 

(2) For question 2, this paper first uses Lagrangian interpolation method to complete 

the missing data, uses SPSS to analyze the correlation between pollutant 

concentration and meteorological conditions, hierarchical clustering of meteorological 

conditions, and accurately analyzes the characteristics of various meteorological 

conditions. 

(3) For problem 3, this paper uses model fusion to predict, and makes full use of 

ARIMA model and multiple linear regression to accurately regress the relationship 

between pollutant concentration and wind speed, air pressure and other 

meteorological indicators, so as to realize the secondary correction of the prediction 

value, with good prediction accuracy. 

(4) The second prediction model proposed in this paper has a simple algorithm, and 

is modeled separately according to the seasonal decomposition, which has a certain 

adaptation effect to the changes of meteorological conditions. For question 4, 

combined with the topic scenario, a VGG16+LSTM fusion deep learning model is 

proposed to estimate the concentration of common pollutants at the monitoring point 

in the next three days, and good estimation results are achieved. 

6.1.2 Disadvantages of the model 

Limited by some unknown pollution sources, there are some errors in the performance 

of the prediction model for the data with excessive air quality index. 

6.2 Model promotion and improvement 

6.2.1 Model promotion 

The establishment and solution of several prediction models in this paper have 

important practical significance. The establishment of the secondary prediction model 

of pollutant concentration can be extended to all kinds of data prediction with high 

real-time monitoring, such as stock quantitative prediction. 

6.2.2 Model improvement 

The secondary prediction model of pollutant concentration is sensitive to 
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meteorological factors, and some meteorological indicators cannot be obtained at 

some monitoring stations. Therefore, how to improve the anti noise performance of 

the model in this paper to improve the prediction accuracy is one of the focuses of 

later improvement. 
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