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Abstract

In order to improve the prediction accuracy of PM; 5 concentration, considering the time series
characteristics of the PM; 5 concentration influencing factor dataset and the nonlinear characte-
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ristics of the data, the time series analysis model still has a large error in predicting PM, s concen-
tration. To this end, a quantitative prediction model based on feature selection and Sparrow
Search Algorithm (SSA) to optimize the parameters of Least Squares Support Vector Machine (LSSVM)
is proposed. First, the 14 feature variables are binary coded, and the feature variables are opti-
mized by using the genetic algorithm combined with the Least Squares Support Vector Machine to
obtain the optimal feature subset; the SSA algorithm was used to optimize the parameters of the
LSSVM, and the PM;; concentration prediction model of the SSA-LSSVM was constructed. The ex-
perimental results show that the model based on the genetic algorithm for feature selection and
the sparrow algorithm to optimize the parameters of the Least Squares Support Vector Machine
has obvious prediction effect. Among them, the RMSE and MAE of this model are 10.53 and 8.01,
respectively, and the prediction accuracy is higher than other models.
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Figure 2. Flow chart of feature selection
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Figure 3. Flow chart of algorithm
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Figure 4. Comparison chart of predicted value and true value
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