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Air quality predication based on two-layer decomposition and
improved sand cat swarm optimization

Zhu Juxiang' Zhang Shiyun® Zhang Tao® Sun Junfeng® Zhang Zhaoliang'”®
(1. School of Rail Transportation, Wuxi University, Wuxi 214105, China; 2. School of Automation, Nanjing University
of Information Science and Technology, Nanjing 210000, China; 3. Jiangsu Provincial Engineering Research Center for
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Abstract: Accurate prediction of air quality is of great significance to people’s daily life. therefore, a predictive model
based on quadratic decomposition and improved sand cat swarm optimization (ISCSO) to optimize the long short-term
memory(LSTM) network was proposed. First of all, The PM, ; data was decomposed into multiple subsequences using
complete ensemble empirical mode decomposition with adaptivenoise (CEEMDAN) algorithm, and the reconstructed
sequence that are not satisfied with the prediction effect was quadratically decomposed by variational mode decomposition
(VMD) method. Secondly, the sand cat swarm optimization was improved by introducing Cubic chaotic, spiral search
strategy and sparrow alert mechanism to improve the global search performance and convergence speed of the algorithm.
Finally, a improved sand cat swarm algorithm was used to optimize the LSTM model parameters, the individual
subsequences were input into the ISCSO-LSTM model for prediction and superimposed to obtain the final prediction
results. The experimental results show that the CEEMDAN-VMD-ISCSO-LSTM combination model exhibits lower
prediction errors, compared to the CEEMDAN-VMD-LSTM and CEEMDAN-VMD-SCSO-LSTM, the model proposed
in this article has a 2. 21 and 1. 04 pg/m® reduction respectively in root mean square error, and has a 4. 9% and 2. 1%
higher respectively in term of fit.

Keywords: air quality predication; two-layer decomposition; improved sand cat swarm optimization; long short-term

memory network
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Table 2 Test results of different algorithms on the basic functions
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Table 4 Model evaluation index
e RMSE MAE )
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