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Ensemble Forecast for Ozone Concentration Based on Deep Learning and
Metaheuristic Algorithm

CAO Jungian, LI Huan, MO Xinyue
(School of Cyberspace Security (School of Cryptology), Hainan University, Haikou 570228, China)

Abstract: In response to widespread and severe air pollution, especially the increasing threat of ozone pollution to the en-
vironment and public health, an ensemble forecasting model is proposed, which combines three deep learning models: long
short-term network (LSTM), time convolutional network (TCN), and Transformer, as well as metaheuristic algorithm and
Kepler optimization algorithm. Select predictive factors by analyzing the the correlation between ozone and other air pollu-
tants and meteorological elements. Built the LSTM, TCN and Transformer respectively and conduct independent forecas-
ting. Use Kepler optimization algorithm to integrate the predictive outputs of three deep learning models, thus obtaining final
predictive results. Experimental results indicate that, in multi-step forecast for hourly concentration of ozone in Beijing, the
proposed ensemble forecasting model is superior in the RMSE, MAE and R* to deep learning models of the LSTM, TCN and
Transformer as well as classical multiple linear regression and random forest models. The results show that the ensemble
forecasting strategy integrating deep learning with metaheuristic algorithm can effectively improve the accuracy and stability
of the forecasting model, and verify the feasibility of deep learning ensemble forecasting method for ozone concentration
prediction.
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