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Abstract

Meteorological factors not only directly affect air quality but also increase the difficulty of air quality
prediction (AQP). However, existing schemes perform poorly in learning patterns that simultaneously
involve time-series air pollutants and meteorological factors. This study first explores the superiority
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of the combined model of grey prediction and SVR in AQP. To analyze the role of meteorological factors
in AQP, we select seven core indicators such as PM2.5, NOz, and PM10 as feature variables. Feature se-
lection is completed through Pearson correlation analysis and Lasso regression, retaining all effective
features to ensure comprehensive prediction. In model construction, the grey prediction GM (1, 1)
model is utilized to handle data uncertainty and small sample characteristics, mining overall trends;
combined with the SVR algorithm, it accurately captures complex nonlinear associations in the data,
achieving complementary advantages. Meanwhile, five evaluation metrics including R? score of the
training set, Rz score of historical data, mean absolute error, median absolute error, and explained var-
iance are used to comprehensively evaluate the model. The experimental results show that both the R2
score of the model training set and the historical data reach 0.9745, with an average absolute error of
3.1439, a median absolute error of 2.0044, and an explained variance of 0.9747. Furthermore, the
curve comparing the predicted values and the actual values is highly consistent. The results indicate
that this combined model has high fitting accuracy, strong anti-interference capability, and stable gen-
eralization performance, effectively capturing the fluctuation patterns of air quality. This model plays
a significant role in predicting air quality.
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Table 1. Correlation coefficient matrix
= 1. EXMREEMR
FHORE R ESERE PM2.5 NO: PM10 SO» Co AQI 03 8h
PM2.5 1.000 0.896 0.780 0.607 0.429 —-0.326 0.976
NO2 0.896 1.000 0.695 0.409 0.299 —0.272 0.939
PM10 0.780 0.695 1.000 0.853 0.665 —0.544 0.748
SO2 0.607 0.409 0.853 1.000 0.653 —0.639 0.527
CcO 0.429 0.299 0.665 0.653 1.000 —-0.398 0.388
AQI —-0.326 -0.272 —-0.544 —-0.639 —-0.398 1.000 —-0.326
O3 8h 0.976 0.939 0.748 0.527 0.388 —-0.326 1.000
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Figure 1. Feature heatmap
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Figure 2. Comparison chart of actual values and predicted values
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