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Abstract
neural network for next-day forecasting of PM, 5 concentration in Beijing is developed. The results show that the

A hybrid model with ensemble empirical mode decomposition (EEMD) and BP (Back-Propagation)

forecast accuracy of the hybrid model is higher than single BP model. The main error comes from the highest
frequency component. The input variables of the hybrid model need to contain information about the output
variables. The level of pollutant concentration in the early stage has great influence on the prediction result of the

models.
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