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Abstract 
The issue of air quality has attracted more and more attention. The main methods for 

monitoring the concentration of pollutants in the air include national monitoring station 

monitoring and micro air quality detector testing. Since the electrochemical sensor of the 

micro air quality detector is susceptible to interference, the monitored data has a certain 

deviation. In this paper, the combined model of partial least square regression and random 

forest regression (PLS-RFR) is used to correct the detection data of the micro air quality 

detector. First, correlation analysis is used to find out the factors that affect the concentration 

of pollutants. Second, partial least squares regression is used to give the quantitative 

relationship of the influence of each influencing factor on the concentration of pollutants. 

Finally, the predicted value of partial least squares regression and various influencing factors 

are used as independent variables, and the pollutant concentration monitored by the national 

monitoring station is used as the dependent variable, and the PLS-RFR model is obtained with 

the help of random forest software package. Relative Mean Absolute Percent Error (MAPE), 

Mean Absolute Error (MAE), goodness of fit (R2), and Root Mean Square Error (RMSE) are 

used as evaluation indicators to compare PLS-RFR model, support vector machine model and 

multilayer perceptron neural network. The results show that no matter which evaluation index, 

the prediction effect of the PLS-RFR model is the best, and the model has a good prediction 

effect in the training set or the test set, indicating that the model has good generalization 

ability. This model can play an active role in the promotion and deployment of micro air 

quality detectors. 

1. Introduction   
Air quality is a problem that cannot be ignored. In addition to the harm to the climate, the 

most important thing is the harm to the human body. According to statistics, 3 million people 

die every year due to air quality problems. Many cardiovascular diseases, respiratory diseases, 

lung cancer and other diseases have a certain relationship with air pollution [1-3]. Although 

government departments are working hard to curb the adverse effects caused by air pollution, 

the air quality in many cities is still very severe. Therefore, air quality should be monitored by 

relevant national departments in real time, so that corresponding countermeasures can be 

taken in time to reduce the harm to humans and the environment. 

In order to monitor air quality, many countries have set up national monitoring stations 

(national control points) in some key cities. Multi-parameter automatic monitoring equipment 

is installed in the national control point for continuous automatic monitoring, and the 

monitoring results are stored in real time and analyzed to obtain relevant data. However, the 

cost of building and maintaining national monitoring stations is high, so the number of 

national control points is very small. In addition, due to the lag in the release of national 
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control point data, it is difficult to conduct grid-based monitoring and real-time monitoring of 

air quality in a certain area. 

Another commonly used monitoring method is to monitor air quality by using a micro air 

quality detector (self-built point). There are many advantages to using a micro air quality 

detector for air quality monitoring. First, the production and maintenance cost of the micro air 

quality detector is very low, and the installation is very simple. This advantage makes it very 

convenient for grid deployment of micro air quality detectors in specific areas. Second, it is 

easy to read the readings and can monitor the concentration of pollutants in the air in real time. 

Third, it can not only monitor the concentration of pollutants, but also other meteorological 

parameters such as temperature, wind speed, precipitation and other meteorological 

parameters in the area can also be monitored in real time. However, because the 

electrochemical sensor in the micro air quality detector is susceptible to interference from 

unconventional gaseous pollutants, and it is prone to range and zero offset during a period of 

time in use, there is a certain error in its measurement data [4, 5]. Therefore, the data of the 

national control point needs to be used to correct the self-built point data. 

The commonly used methods for predicting the concentration of pollutants mainly include 

the prediction of pollution weather conditions, numerical prediction and statistical prediction. 

The prediction of polluted weather conditions can conduct semi-quantitative or qualitative 

analysis on the prediction model of future pollutant concentration through meteorology and 

other related theories. The reliability of the forecast of polluted weather conditions is mainly 

based on the forecast of pollutant weather factors and a large amount of historical data [6]. 

Because the pollution source is not taken into consideration in the process of predicting 

polluted weather conditions, this leads to low prediction accuracy of polluted weather 

conditions. 

Numerical prediction is based on atmospheric dynamics, fluid dynamics, and 

thermodynamics. The prediction is a method of predicting the concentration of pollutants in 

the future through computer high-speed numerical calculation. Numerical prediction is a 

quantitative and objective method, which is different from previous predictions of polluted 

weather conditions based on experience and meteorology [7, 8]. Although the accuracy of 

numerical prediction is high, there are still some shortcomings. It is computationally complex 

and time-consuming, and requires a huge amount of data. Therefore, the method needs further 

improvement and innovation. 

The statistical prediction model does not consider the physical and chemical changes of 

pollutants. It builds models by analyzing characteristic factors related to changes in pollutant 

concentration, analyzing historical statistical data [9]. A series of models have been proposed 

for forecasting air quality using statistical forecasting methods.  

Traditional methods such as linear regression [10, 11], time series [12, 13], gray model [14], 

support vector machine [15-18], etc. are often used to predict the concentration of pollutants. 

The traditional method has a simple structure and is often easy to identify, and the model 

interpretation ability is relatively strong. However, the reasons for the formation of pollutants 

are complex. It is a complex physical process with obvious temporal and spatial 

differentiation and nonlinear characteristics. Therefore, traditional methods are often not 

particularly good in terms of prediction accuracy. 

In addition, the recently popular artificial intelligence method dominated by neural network 

algorithms is often used to predict the concentration of pollutants [19-21]. However, the 

neural network algorithm has a slow convergence rate for the prediction of high-dimensional 

features, which is easy to cause over-fitting problems, and requires a large number of 

parameters to determine the network structure. In recent years, random forest regression has 

also been applied to air quality forecasting models [22-25]. Random forest algorithm is a 

highly accurate algorithm among machine learning algorithms. It can overcome the 

shortcomings of a single prediction (or classification) model and is widely used in various 

fields. 
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2. Material and methods 
2.1. Data source and preprocessing 

The data from the 2019 question D of Chinese college students' mathematical modeling is 

selected to build the data correction model of the micro air quality detector. Two sets of data 

are contained in it. The first set of data is the hourly concentration data of six pollutants (''two 

dusts and four gases" includes PM2.5, PM10, CO, NO2, SO2, O3) from November 14, 2018 to 

June 11, 2019 provided by the national monitoring station. It has a total of 4200 groups and is 

considered accurate data in this study. The other set of data is data provided by a micro air 

quality detector juxtaposed with the national monitoring station. It has a total of 234,717 sets 

of data, and the interval between each set of data does not exceed 5 minutes. The self-built 

site not only provides data on the concentration of six types of pollutants, but it also provides 

five meteorological parameters [16]. Because the data detected by the electrochemical sensor 

in the micro air quality detector has errors, it needs to be corrected by the data of the national 

monitoring station. 

Before establishing the air quality correction model, the test data must be preprocessed. 

The first step is to delete the data that the self-built point cannot correspond to the time of the 

national control point. In the second step, the measurement data that is more than 3 times the 

mean of the left and right neighbors are regarded as outliers and deleted. The abnormal value 

may be caused by a sensor failure or a sudden change in the concentration of pollutants 

caused by nearby human activities. The third step is to average the data in each hour of the 

self-built point to make it correspond to the measured data of the national control point. After 

data preprocessing, a total of 4135 sets of corresponding data were obtained for this study. 

Table 1 shows all the variables in this study. 

Table 1  

Descriptive statistics of air quality variables from data from national control points and self-built 

points.  

 

Input variable Ranges Mean Standard deviation Skewness Kurtosis 

PM2.5/(μg/m3) 1~216.883 64.127 37.328 0.988 0.701 

PM10/(μg/m3) 2~443.25 102.391 65.267 1.476 2.862 

CO/(μg/m3) 0.05~3.895 0.863 0.452 1.463 3.136 

NO2/(μg/m3) 0.947~157.136 45.209 28.403 0.653 -0.259 

SO2/(μg/m3) 1~651.3 19.397 18.723 12.781 342.11 

O3/(μg/m3) 0.579~259 61.586 40.941 1.091 2.035 

Wind speed/(m/s) 0.133~2.387 0.7 0.346 0.862 0.748 

Pressure /(Pa) 996.871~1039.8 1018.8 8.889 -0.093 -0.599 

Precipitation /( mm/m2) 0~312.1 132.084 87.004 0.245 -0.728 

Temperature /(℃) -3.882~37.944 11.882 8.603 0.625 -0.399 

Humidity /( rh%) 10.667~100 68.903 21.931 -0.487 -0.756 

 

 

2.2. Data exploratory analysis 

After preprocessing the experimental data, an exploratory analysis of the data is needed. 

Due to the complicated analysis of pollutant concentration data per hour, it is not conducive to 

visually reflect the changes in pollutant concentration. In this study, the pollutant 

concentrations of national control points and self-built points were averaged daily and then 

compared. The concentration of PM10 is selected as the research object for detailed analysis 

in this paper, and similar methods are used for the analysis of other pollutant concentrations. 
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Fig.1. Comparison of daily average PM10 concentration data between national control points and 

self-built points. Figures are generated using Matlab (Version R2016a, https://www.mat-   

hworks.com/) [Software]. 

Fig. 1 shows the changes in the daily average PM10 concentration of national control 

points and self-built points. It can be seen that the overall trend of the two is roughly the same, 

but there are also certain differences. The difference between the two presents a characteristic 

that the greater the concentration, the more obvious the difference is, which is the same as the 

characteristic presented by an ordinary measuring device. The phenomenon that the PM10 

concentration varies in different months is also reflected in Fig. 1. In order to intuitively 

reflect the changes of PM10 concentration over the months, this paper draws a PM10 

concentration box plot [9, 11]. 

It can be seen from Fig.2 that the average monthly concentration of PM10 was the 

highest in November, with a concentration of 108.15μg/m3; the monthly average 

concentration of PM10 was the lowest in June, with a concentration of 58.58μg/m3 (no data 

from July to October). It is cold in winter and coal-fired for heating, which emits a large 

amount of smoke and dust is one of the main reasons for the high concentration of PM10 in 

winter. In addition, due to the low air humidity in winter, the weak sedimentation of 

suspended particles in the atmosphere is also the reason for the high concentration of PM10 in 

winter. In summer, the precipitation is large, which has a strong sedimentation effect on the 

suspended particles in the atmosphere, resulting in lower PM10 concentration in summer. 
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Fig.2. Compare the concentration of PM10 in national control points monthly.  Note that there is 

no data from July to October. 

2.3. Correlation analysis 

Air pollutants are causing more and more harm to humans and the environment. There 

are many factors that affect the concentration of pollutants in the air, and there are also 

correlations between them. Pearson correlation coefficient (Eq. (1)) is often used as a 

statistical indicator to reflect the close degree of correlation between variables [21, 26]. It is 

used in this study to measure the correlation between six types of pollutants and five 

meteorological parameters. It can be seen from Table 2 that only the correlation between NO2 

concentration and temperature is not significant, and the correlation coefficients between 

other variables have passed the significance test. In order to visualize the correlation between 

variables, this paper draws a matrix color block diagram as shown in Fig. 3. The area of the 

circular color block in the matrix color block diagram represents the absolute value of the 

correlation coefficient and the darker the color, the stronger the correlation between the 

variables. 𝑟𝑟 =
∑ (𝑛𝑛𝑖𝑖=1 𝑥𝑥𝑖𝑖−𝑥𝑥)(𝑦𝑦𝑖𝑖−𝑦𝑦)�∑ (𝑛𝑛𝑖𝑖=1 𝑥𝑥𝑖𝑖−𝑥𝑥)2∙�∑ (𝑛𝑛𝑖𝑖=1 𝑦𝑦𝑖𝑖−𝑦𝑦)2                                                    (1) 
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Table 2  

Pearson linear correlation coefficients between six types of air pollutant concentrations and 

climate (Band * indicates significant correlation at a significant level of 0.05). 

Variable PM2.5       PM10 CO NO2 SO2 O3 
Wind 

speed 

Pres- 

sure 

Precip- 

itation 

Temp- 

erature 

Humi-

dity 

PM2.5 1.00   0.89*  0.66* 0.26* 0.29* -0.26* -0.23* 0.89* -0.70* -0.16* 0.18* 

PM10    1.00  0.63* 0.34* 0.35* -0.19* -0.18* 0.38* -0.10* -0.03* -0.09* 

CO   1.00 0.30* 0.31* -0.27* -0.31* -0.07* 0.08* -0.05* 0.22* 

NO2    1.00 -0.34* -0.26* -0.36* -0.10* -0.14* -0.02 -0.11* 

SO2     1.00 -0.28* -0.19* 0.19* 0.27* -0.10* 0.11* 

O3      1.00 0.39* -0.45* -0.12* 0.68* -0.62* 

Wind speed       1.00 0.09* 0.06* 0.07* -0.32* 

Pressure        1.00 0.23* -0.85* 0.15* 

Precipitation         1.00 -0.14* 0.86* 

Temperature           1.00 -0.49* 

Humidity           1.00 

 

 

Fig.3. Matrix color block diagram of the correlation coefficient matrix between the concentration 

of six air pollutants and five meteorological parameters. 

3. Establishment of sensor calibration model 
3.1. Introduction to basic principles 

The partial least squares (PLS) regression method was first proposed by Wold and Albano 

in 1983. In the past 40 years, it has developed rapidly in theories, methods and applications. 

In the research of actual problems, the regression problem often encountered is that the 

number of independent variables 𝑥𝑥1, 𝑥𝑥2,⋯ , 𝑥𝑥𝑘𝑘  is relatively large, and the number of samples 
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n is not large. The independent variables often have a strong correlation, which is called 

multicollinearity. If the multicollinearity problem is serious, the diagonal elements of the 

variance matrix 𝐷𝐷��̂�𝛽� = 𝜎𝜎2(𝑋𝑋′𝑋𝑋)−1 of the regression coefficient �̂�𝛽 are very large, that is, 𝑉𝑉𝑉𝑉𝑟𝑟(�̂�𝛽0),𝑉𝑉𝑉𝑉𝑟𝑟(�̂�𝛽1),⋯ ,𝑉𝑉𝑉𝑉𝑟𝑟(�̂�𝛽𝑘𝑘) is very large. Therefore, the validity of the estimation of 𝛽𝛽0,𝛽𝛽1,⋯ ,𝛽𝛽𝑘𝑘 is lost, and the degree of influence of the independent variable on the dependent 

variable cannot be correctly judged. 

If the number of independent variables is more than the number of samples, the classic 

least square method (OLS) cannot be applied. Although the principal component regression  

solves the contradiction of  𝑘𝑘 > 𝑛𝑛, its method of selecting 𝐹𝐹𝑖𝑖 has nothing to do with the 

dependent variable  𝑦𝑦. It only looks for a representative 𝐹𝐹1,𝐹𝐹2,⋯ ,𝐹𝐹𝑟𝑟 in the independent 

variable 𝑥𝑥1, 𝑥𝑥2,⋯ , 𝑥𝑥𝑘𝑘. PLS is different from PCR in this point. It considers the correlation 

with y  when looking for a linear combination of 𝑥𝑥1, 𝑥𝑥2,⋯ , 𝑥𝑥𝑘𝑘. It chooses the latent factors 𝑍𝑍1,𝑍𝑍2,⋯ ,𝑍𝑍𝑟𝑟 that has a strong correlation with y  and can be easily calculated [27, 28]. 

There are four main steps in partial least squares regression. The first step is to 

standardize variables. For the convenience of writing, we also mark the standardized vector 𝑦𝑦∗and the design matrix 𝑋𝑋∗ as 𝑦𝑦 and 𝑋𝑋. The following calculations are for 𝑦𝑦 and 𝑋𝑋 after 

standardization. The second step is to extract the first latent factor 𝑍𝑍1, where 𝑍𝑍1 = 𝑋𝑋𝑊𝑊1, and 𝑊𝑊1 is shown in Eq. (2). After obtaining the first latent factor 𝑍𝑍1, respectively implement the 

regression of 𝑦𝑦 and 𝑋𝑋 on 𝑍𝑍1. That is 𝑦𝑦 = 𝑟𝑟1𝑍𝑍1 + 𝑦𝑦1, where 𝑟𝑟1 =
𝑦𝑦′𝑍𝑍1‖𝑍𝑍1‖2  is the regression 

coefficient and 𝑦𝑦1 is the residual vector; 𝑋𝑋 = 𝑍𝑍1𝑃𝑃1′ + 𝑋𝑋1, where 𝑃𝑃1 =
𝑋𝑋′𝑍𝑍1‖𝑍𝑍1‖2 is the regression 

coefficient vector, and 𝑋𝑋1 is the residual matrix. The third step is loop iteration. Replace 𝑦𝑦 and 𝑋𝑋 with the residual vector 𝑦𝑦1 and the residual matrix 𝑋𝑋1, and continue to use the same method 

as the first latent factor  𝑍𝑍1 to obtain the remaining latent factors  𝑍𝑍1,𝑍𝑍2,⋯ ,𝑍𝑍𝑎𝑎. The fourth 

step is to determine the number of latent factors  𝑉𝑉. The number of latent factors can be 

determined by cross-validation. Let 𝑄𝑄𝑎𝑎2 = 1 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑎𝑎𝑃𝑃𝑃𝑃𝑎𝑎−1 , where 𝑆𝑆𝑆𝑆𝑎𝑎 = ∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑎𝑎𝑖𝑖)2𝑛𝑛𝑖𝑖=1 , 𝑃𝑃𝑃𝑃𝑃𝑃𝑆𝑆𝑆𝑆𝑎𝑎 = ∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑎𝑎(−𝑖𝑖))2𝑛𝑛𝑖𝑖=1 , where 𝑦𝑦�𝑎𝑎𝑖𝑖 is the fitted value of 𝑦𝑦𝑖𝑖 using the first 𝑉𝑉 potential 

factors 𝑍𝑍1,𝑍𝑍2,⋯ ,𝑍𝑍𝑎𝑎 for regression calculation. In addition, 𝑦𝑦�𝑎𝑎(−𝑖𝑖) is the fitted value of 𝑦𝑦𝑖𝑖 
which is calculated by removing the i-th sample point, using 𝑛𝑛 − 1 sample points and 𝑉𝑉 latent 

factors. It is generally stipulated that when 𝑄𝑄𝑎𝑎+12 < 1 − 0.952 = 0.0975, the introduction of a 

new latent factor 𝑍𝑍𝑎𝑎+1 does not make much sense for the prediction of the model. At this time, 

the number of comprehensive variables is taken as 𝑉𝑉. 

𝑊𝑊1 =
1�∑ 𝐶𝐶𝐶𝐶𝐶𝐶2(𝑦𝑦,𝑥𝑥𝑖𝑖)𝑘𝑘𝑖𝑖=1 �𝐶𝐶𝐶𝐶𝐶𝐶(𝑦𝑦, 𝑥𝑥1)⋮𝐶𝐶𝐶𝐶𝐶𝐶(𝑦𝑦, 𝑥𝑥𝑘𝑘)

�                                     (2) 

The random forest algorithm was proposed by Breman in 2001. It is a combination model 

based on classification regression tree. The random forest regression algorithm uses bootstrap 

resampling technology. It extracts a certain amount of samples from the original samples with 

replacement, and uses them as a new training sample set for decision tree modeling, thereby 

combining them into a multiple decision tree model for regression prediction. The structure 

framework of the random forest regression prediction model is shown in Fig. 4. Suppose S=(X, 

Y) is the original data set, where X is the original input data and Y is the original output data. 

Randomly sample k original data from S (the sample size of each sample is consistent with 

the original data set) to form a training sample set. A set of k decision trees  ℎ(𝑋𝑋, 𝜃𝜃𝑘𝑘), 𝑘𝑘 =

1,2,⋯ ,𝐾𝐾 is generated through training samples to form a random forest, where X is the input 

vector and 𝜃𝜃𝑘𝑘 is the random vector used by the k-th decision tree to select sample points. Each 

decision tree produces a prediction value 𝑦𝑦𝑘𝑘, and the final prediction result is the average of k 

regression prediction results. 
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Assuming that the original data set contains n records, the probability of each sample not 

being selected is (1 − 1/𝑛𝑛)𝑛𝑛. When n is large enough, (1 − 1/𝑛𝑛)𝑛𝑛 converges to 1/e ≈ 0.368, 

which means that only 2/3 of the original data is selected to generate the training sample set. 

The unselected data samples can be used as test data to evaluate the generalization 

performance of the regression tree [22]. This part of the data is called out of bag data (OOB). 

Assuming that the training set is drawn from the independent distribution set of random 

variables X and Y, the mean square generalization error of the random forest predicted value is 𝑃𝑃𝑋𝑋𝑋𝑋 = [𝑌𝑌 − 𝑦𝑦�(𝑋𝑋)]2. 

Each classification tree in the random forest is a binary tree, and its generation follows the 

principle of top-down recursive splitting, that is, the training set is divided sequentially from 

the root node. The root node contains all training data, split into left and right nodes, which 

contain a subset of training data respectively. Splitting is carried out in accordance with the 

principle of minimum node impurity, until the stopping rule is met and the growth stops. The 

measure of impurity generally follows the Gini criterion. Assuming that the data set H 

contains m categories, and 𝑃𝑃𝑗𝑗 is the frequency of the occurrence of j-type elements, the Gini 

index is 𝐺𝐺𝐻𝐻 = 1 − ∑ 𝑃𝑃𝑗𝑗2𝑚𝑚𝑗𝑗=1 . 

Random forest method can measure the importance of variables. Randomly change the 

value of a characteristic variable (increase the noise), and use the generated random forest 

model to calculate the OOB fitting error. The greater the increase in OOB error after the 

characteristic variable is added to the noise, the higher the importance of the variable. 

Suppose the OOB test error of variable X is e, and the trial error of the OOB data after adding 

noise is 𝑒𝑒′, then the importance of X is 𝜙𝜙 = (𝑒𝑒′ − 𝑒𝑒)/𝑒𝑒. 

   There are two main parameters that the random forest algorithm needs to determine, and 

they have a great influence on the prediction effect of the model [23, 29]. One of the 

parameters is the number of decision trees ntree. Only when the number of trees is large 

enough, the error of the model can stabilize, but the number of numbers should not be too 

much, otherwise there will be overfitting, and the error will increase instead. The second 

parameter is the leaf node mtry, which is the number of variables used for splitting randomly 

selected features from all feature sets. For regression prediction, generally mtry = s/3 (s is the 

total number of feature variables). In order to obtain the best mtry value, it can also be 

determined by calculating the OOB error. 

Random forest regression increases the difference between regression models by 

constructing different training sets, thereby improving the extrapolation prediction ability of 

the combined regression model. Suppose that after K rounds of 

training ℎ(𝑋𝑋,𝜃𝜃1), ℎ(𝑋𝑋, 𝜃𝜃2),⋯ , ℎ(𝑋𝑋,𝜃𝜃𝑘𝑘) decision trees are obtained, their corresponding 

regression prediction values are{ 𝑦𝑦1(𝑋𝑋),𝑦𝑦2(𝑋𝑋),⋯ ,𝑦𝑦𝑘𝑘(𝑋𝑋)}. These training sequences 

construct a combined prediction model, and the final regression prediction result is 𝑦𝑦� (𝑋𝑋) =

(1/𝑘𝑘)∑ 𝑦𝑦𝑘𝑘(𝑋𝑋)𝐾𝐾𝑘𝑘=1 . 
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Fig.4. Frame structure of random forest regression prediction model.  

3.2. Partial least squares regression model construction 

It is of great significance to use micro air quality detectors to monitor the concentration of 

pollutants in grids and in real time. However, since the sensor in the micro air quality detector 

is easily affected by other factors, it is necessary to calibrate its measurement data. 

The classic multiple linear regression model is often used to explain the quantitative 

relationship between the dependent variable and the independent variable [30]. Correlation 

analysis shows that the various variables that affect the concentration of pollutants affect each 

other. Through the diagnosis of multicollinearity, it is found that the maximum variance 

inflation factor (VIF) between them is 28.71, which is much greater than 10, indicating that 

there is serious multicollinearity between variables. The classic multiple linear regression 

model is no longer applicable. Principal component regression and partial least squares 

regression can be used to solve the multicollinearity problem in the model [10, 31]. However, 

because principal component regression did not take into account the value of the dependent 

variable when extracting principal components, this study uses partial least squares regression 

for modeling. In this study, the pollutant concentration at the national control point was used 

as the dependent variable y, the pollutant concentration at the self-built point and the 

meteorological parameter monitoring data were used as the independent variable X, and a 

partial least square regression model was established with the help of SPSS20.0. 

Table 3 

The proportion of variance explained by the first seven latent factors. 

Latent Factors X Variance 
Cumulative     

X Variance 
Y  Variance 

Cumulative     

Y  Variance 

Adjusted        

R-square 
Z1 0.254 0.254 0.577 0.577 0.577 

Z2 0.183 0.437 0.163 0.74 0.74 

Z3 0.121 0.559 0.052 0.792 0.792 

Z4 0.083 0.641 0.008 0.8 0.8 

Z5 0.098 0.739 0.003 0.803 0.803 

Z6 0.052 0.792 0.004 0.807 0.807 

Z7 0.047 0.839 0.002 0.809 0.808 
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It can be seen from Table 3 that the first 7 latent factors already contain more than 80% of 

the independent variable and dependent variable information, and the adjusted R2=0.808, 

combined with the principle of selecting latent factors, this article decided to select 7 latent 

factors. Columns 2-8 of the second row give the regression results of the standardized 

dependent variable on the latent factors. The remaining rows in columns 2-8 are the linear 

combination results of the latent factors with respect to the standardized independent 

variables. It can be seen that for factor 𝑍𝑍1, PM2.5*, PM10* and CO* have the largest weights; 

for factor 𝑍𝑍2, PM2.5*, PM10* and Humidity* are the largest weights. For other factors, the 

weight of its influencing factors can be discussed similarly. The last two columns of Table 4 

give the regression equations between the predicted PM10 concentration and the monitoring 

data of self-built points. Using this regression equation, the predicted value of PM10 

concentration in the PLS model can be obtained. 

Table 4 

Coefficient estimation, cumulative variable importance and factor weight results (The variable 

name band * indicates the corresponding standardized variable). 

Input variable Z1 Z2 Z3 Z4 Z5 Z6 Z7 y coefficient 

y * 0.475 0.303 0.199 0.098 0.082 0.092 0.066 constant 1315.199 

PM2.5* 2.135 1.991 1.951 1.94 1.937 1.933 1.933 PM2.5 0.632 

PM10* 2.043 1.854 1.802 1.793 1.791 1.789 1.787 PM10 0.197 

CO* 1.083 0.96 1.017 1.012 1.01 1.012 1.011 CO 20.798 

NO2
* 0.995 0.879 0.854 0.881 0.88 0.88 0.879 NO2 0.344 

SO2
* 0.417 0.372 0.366 0.364 0.363 0.364 0.364 SO2 0.089 

O3
* 0.498 0.473 0.557 0.556 0.561 0.561 0.561 O3 -0.044 

Wind speed*  0.526 0.499 0.534 0.532 0.534 0.533 0.533 Wind speed  -0.888 

Pressure * 0.108 0.447 0.493 0.491 0.508 0.572 0.587 Pressure  -1.209 

Precipitation * 0.281 0.671 0.69 0.702 0.702 0.7 0.703 Precipitation  -0.071 

Temperature* 0.097 0.581 0.611 0.609 0.613 0.641 0.65 Temperature -0.665 

Humidity * 0.265 1.159 1.273 1.288 1.287 1.294 1.293 Humidity  -1.133 

Time* 0.488 0.697 0.674 0.671 0.673 0.707 0.706 Time -0.003 

 

3.3. PLS-RFR model construction 

Using the PLS model can not only predict the concentration of pollutants, but also show 

the quantitative relationship between independent variables and dependent variables. 

However, the factors that affect the concentration of pollutants are very complex, and they 

have a nonlinear effect on the concentration of pollutants. Random forest regression model is 

used to find the nonlinear relationship between pollutant concentration and various factors. In 

the random forest regression model, the pollutant concentration is the dependent variable, and 

the self-built point measurement value and the PLS model prediction value are the 

independent variables. We call the model combining partial least squares regression and 

random forest regression the PLS-RFR model. The specific modeling process is shown in Fig. 

5. 

 

Fig.5. The flux diagram of the regression process, where ncp represents the concentration of 

pollutants measured at the national control point. 
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In the random forest regression model, 4135 samples are randomly divided into training 

samples and testing samples at a ratio of 8:2. There are 4135 sets of sample data in this study, 

the training sample set is 3309 sets, and the test sample set is 826 sets. In the regression 

model, the number of leaf nodes mtry generally defaults to 1/3 of the number of variables in 

the data set. The pollutant concentration prediction model contains a total of 13 influencing 

factors, so the number of leaf nodes mtry = 4. According to theoretical research, the 

generalization error of the random forest regression model will gradually converge as ntree 

increases, so a larger ntree value can be selected to build the model. Using OOB error rate 

estimation method to determine the ntree value, the result is shown in Fig. 6. It can be seen 

that when the number of decision trees ntree >100, the OOB error rate tends to stabilize, so 

ntree =180 is selected in this study. 

Through importance evaluation, the importance of influencing factors to the concentration 

of pollutants can be determined. The Matlab random forest software package is used to 

realize the importance score calculation process, and the importance scores of different 

influencing factors are arranged in descending order to obtain the importance ranking of each 

variable in the training model [24, 25]. It can be seen from Fig. 6 that the PLS predictive 

value has the largest importance metric, indicating that the partial least squares model plays 

an important role in the prediction of pollutants. The PM10 concentration importance metric 

is the smallest, because the main contribution of the PM10 concentration measurement data at 

the self-built point has been included in the partial least squares model, which also reflects the 

correctness of the partial least squares model. 

 

 

Fig.6. Random forest regression modeling process. The number of decision tree choices is seen on 

the left. The order of importance of the variables is seen on the right. 

In this study, the concentration of pollutants was predicted by the partial least squares 

model, and the prediction results and self-built point measurement data were used as 

independent variables, combined with the random forest regression model to construct the 

PLS-RFR model. Fig. 7 shows the fitting results of the PLS-RFR model in the training set and 

the test set. It can be seen that the correlation between the predicted value of the pollutant 

concentration and the true value of the national control point in both the training set and the 

test set exceeds 0.95. Moreover, the linear regression coefficient of the predicted value of 

pollutant concentration and the true value of the national control point are close to 1, 

indicating that the PLS-RFR model has achieved good results in predicting the concentration 

of pollutants. 
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Fig.7. The prediction effect of PM10's PLS-RFR model on the training set and test set. 

In order to visually show the deviation between the predicted value of the pollutant 

concentration and the true value of the national control point, the residual analysis diagram is 

drawn as Fig. 8. It can be seen that most of the residual values are randomly distributed in     

[-50, 50]. The 1412th residual is the largest among all samples, which is 147.73μg/m3. 

Checking the original data, the true value of PM10 concentration at this point is 316μg/m3, 

which is much higher than the neighboring values, indicating that human activities have a 

great impact on the pollutant concentration during this period. In order to visually display the 

residual distribution of the model, this paper deletes the residual of this point and draws the 

residual histogram of other samples. It can be seen that the overall residuals are roughly 

distributed normally, and most of the sample residuals are near zero. 

 

Fig.8. Residual test of PLS-RFR model. The residuals vs. data set number plot is seen on the left. 

The histogram of the residuals is seen on the right. 

4. Discussion 
In order to further verify the reliability of the PLS-RFR model, support vector machines 

(SVR) and multilayer perceptron (MLP) neural networks were selected to predict the 

concentration of pollutants, and the prediction results were compared with the PLS-RFR 

model. This study uses relative Mean Absolute Percent Error (MAPE), Mean Absolute Error 

(MAE), goodness of fit (R2), and Root Mean Square Error (RMSE) to compare the prediction 

results of the model. R2 can measure the degree of fit of the model, and the closer to 1, the 

better the degree of model fit. The closer the other three indicators are to 0, the smaller the 

error between the predicted value and the true value. The specific formula is Eqs. (3)–(6), 

where 𝑦𝑦𝑡𝑡 is the real value measured at the national control point, 𝑤𝑤𝑡𝑡 is the predicted value of 

the model, and y� is the average value of the measured data at the national control point. 
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It can be seen from Table 5-8 that no matter which evaluation index, the measurement 

data error of the self-built point is the largest, and several other models can be used to correct 

it. It should be noted that the negative value of the goodness of fit of the self-built points is 

caused by the large measurement error of the self-built points. The traditional partial least 

squares regression model can improve the measurement error of self-built points, but the 

effect is very ordinary. The correction effect of multilayer perceptron neural network and 

support vector machine on self-built point data is better than that of partial least square 

regression. The random forest regression model works well, but the PLS-RFR model has the 

best predictive effect in the six pollutant concentrations regardless of the evaluation index. 

Air quality has a strong correlation with human activities. Human activities are cyclical. 

This article selects one week as a cycle, and plots the data of PM10 national control points, 

self-built points and forecast points into a line chart [32, 33]. It can be seen from Fig. 9 that 

the red self-built point curve and the blue national control point curve have a certain deviation, 

indicating that the data monitoring accuracy of the micro air quality detector needs to be 

improved. The black model fitting curve almost coincides with the blue national control point 

curve, indicating that the PLS-RFR model performs better in predicting the concentration of 

pollutants. Using this model to calibrate the detection data of the micro air quality detector 

can achieve better results. 

       𝑀𝑀𝑀𝑀𝑃𝑃𝑃𝑃 =
1𝑛𝑛∑ �𝑦𝑦𝑡𝑡−𝑤𝑤𝑡𝑡𝑦𝑦𝑡𝑡 �𝑛𝑛𝑡𝑡=1                                        (3) 

       𝑀𝑀𝑀𝑀𝑃𝑃 =
1𝑛𝑛∑ |𝑦𝑦𝑡𝑡 − 𝑤𝑤𝑡𝑡|𝑛𝑛𝑡𝑡=1                               (4) 

                                    𝑃𝑃2 = 1 − ∑ (𝑦𝑦𝑡𝑡−𝑤𝑤𝑡𝑡)2𝑛𝑛𝑡𝑡=1∑ (𝑦𝑦𝑡𝑡−𝑦𝑦�)2𝑛𝑛𝑡𝑡=1                                           (5) 

                                   𝑃𝑃𝑀𝑀𝑆𝑆𝑃𝑃 = �1𝑛𝑛∑ (𝑦𝑦𝑡𝑡 −𝑤𝑤𝑡𝑡)2𝑛𝑛𝑡𝑡=1                          (6) 

 

Table 5 

MAPE of six types of air pollutant concentrations between self-built points, model forecast values 

and national control point. 

Input variable Self-built points PLS PLS-RFR RFR SVR MLP 

PM2.5 0.447 0.171 0.081 0.087 0.133 0.185 

PM10 0.887 0.222 0.087 0.095 0.107 0.210 

CO 0.478 0.313 0.079 0.083 0.112 0.283 

NO2 2.129 0.566 0.115 0.121 0.170 0.471 

SO2 0.685 0.660 0.110 0.115 0.131 0.530 

O3 4.322 1.134 0.279 0.304 0.373 1.002 

 

Table 6 

MAE of six types of air pollutant concentrations between self-built points, model forecast values 

and national control point. 

Input variable Self-built points PLS PLS-RFR RFR SVR MLP 

PM2.5 18.181 7.189 3.380 3.485 5.821 7.763 

PM10 50.151 13.747 5.964 6.299 7.080 13.184 

CO 0.549 0.261 0.075 0.079 0.110 0.237 

NO2 29.838 11.702 3.421 3.515 4.658 9.991 

SO2 12.867 9.427 1.680 1.736 2.116 7.246 

O3 36.63 16.073 5.439 5.638 7.647 14.396 
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Table 7 

R2 of six types of air pollutant concentrations between self-built points, model forecast values and 

national control point. 

Input variable Self-built points PLS PLS-RFR RFR SVR MLP 

PM2.5 0.551 0.905 0.976 0.976 0.933 0.907 

PM10 -1.076 0.809 0.957 0.953 0.938 0.827 

CO -0.929 0.508 0.938 0.932 0.872 0.708 

NO2 -1.333 0.601 0.944 0.942 0.899 0.752 

SO2 -0.726 0.558 0.970 0.969 0.958 0.786 

O3 0.094 0.810 0.969 0.969 0.945 0.864 

Table 8 

RMSE of six types of air pollutant concentrations between self-built points, model forecast values 

and national control point. 

Input variable Self-built points PLS PLS-RFR RFR SVR MLP 

PM2.5 22.436 10.312 5.169 5.207 8.649 10.777  

PM10 66.263 20.110 9.562 9.940 11.656 19.126  

CO 0.679 0.343 0.122 0.128 0.175 0.304  

NO2 37.183 15.375 5.766 5.847 7.725 13.216  

SO2 26.24 13.282 3.454 3.513 4.116 9.984  

O3 45.673 20.912 8.421 8.433 11.304 18.603  

 

 

Fig.9. Comparison of the weekly average concentration of PM10 between national control points, 

PLS-RFR model calibration points and self-built points. 

5. Conclusions 
The air quality is judged by the concentration of pollutants in the air. Air pollution is a 

complex phenomenon, and the concentration of air pollutants at a specific time and place is 

affected by many factors. As a country's industry develops, its air pollution often becomes 

more and more serious. Severe air pollution not only greatly restricts visibility, but also 

seriously affects human health [1, 3]. Government departments and the people are generally 
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more and more concerned about the consequences of such severe air pollution. Therefore, it is 

very necessary to monitor air quality. 

Many countries have realized the harm that air pollution brings to human society. They 

have established some national monitoring stations to monitor air quality and take 

corresponding measures to deal with air pollution based on the monitoring data. However, 

due to the high cost of construction and maintenance of national monitoring stations, it is 

difficult to realize real-time monitoring and grid monitoring of pollutant concentrations. 

Electrochemical sensors are used in micro air quality detectors, which greatly reduces the cost 

of air quality monitoring. The micro air quality detector is not only convenient for 

deployment and control, but also can release data in real time, which is helpful for 

government departments to take timely response measures to pollution sources [34]. However, 

electrochemical sensors are susceptible to interference from themselves and other factors, 

leading to certain deviations in monitoring data. 

The pollutant correction model using partial least squares regression can correct the 

measurement data of the micro air quality detector. Its advantage is that it can give the 

quantitative relationship of each influencing factor to the concentration of pollutants, but the 

disadvantage is that the correction effect is not particularly good. Compared with partial least 

squares regression, the random forest regression model has a better advantage in data 

correction. The random forest regression model not only has a higher fitting effect than other 

algorithms, but also has a short training time and strong anti-overfitting ability. But like other 

machine learning algorithms, the random forest regression model cannot give the quantitative 

relationship between the various influencing factors and the concentration of pollutants. 

The PLS-RFR model combining the partial least squares regression model and the 

random forest regression model given in this study combines the advantages of the two 

models and greatly improves the prediction of the six types of pollutant concentrations. The 

data of 4 seasons throughout the year are all included in the model, and the model time span is 

206 days. 4135 sets of data are included in the model, and the accuracy of the model is very 

high regardless of the training set or the test set. All this shows that the model performs well 

in terms of stability and generalization. This model can play an active role in the promotion 

and deployment of micro air quality detectors. In future research, we can consider using a 

time series model to extract the information contained in the predicted residuals to further 

improve the prediction accuracy of the model. 
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Figures

Figure 1

Comparison of daily average PM10 concentration data between national control points and self-built
points. Figures are generated using Matlab (Version R2016a, https://www.mat- hworks.com/) [Software].



Figure 2

Compare the concentration of PM10 in national control points monthly. Note that there is no data from
July to October.



Figure 3

Matrix color block diagram of the correlation coe�cient matrix between the concentration of six air
pollutants and �ve meteorological parameters.



Figure 4

Frame structure of random forest regression prediction model.

Figure 5

The �ux diagram of the regression process, where ncp represents the concentration of pollutants
measured at the national control point.



Figure 6

Random forest regression modeling process. The number of decision tree choices is seen on the left. The
order of importance of the variables is seen on the right.

Figure 7

The prediction effect of PM10's PLS-RFR model on the training set and test set.



Figure 8

Residual test of PLS-RFR model. The residuals vs. data set number plot is seen on the left. The histogram
of the residuals is seen on the right.



Figure 9

Comparison of the weekly average concentration of PM10 between national control points, PLS-RFR
model calibration points and self-built points.


