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[Abstract]

The growing concerns on the emission of particulate matter has prompted a demand for highly reliable particulate matter
forecasting. Currently, several studies on particulate matter prediction use various deep learning algorithms. In this study, we
compared the predictive performances of typical neural networks used for particulate matter prediction. We used deep neural
network(DNN), recurrent neural network, and long short-term memory algorithms to design an optimal predictive model on the
basis of a hyperparameter search. The results of a comparative analysis of the predictive performances of the models indicate that
the variation trend of the actual and predicted values generally showed a good performance. In the analysis based on the root
mean square error and accuracy, the DNN-based prediction model showed a higher reliability for prediction errors compared with

the other prediction models.
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Table. 1. Collected data

variable number of data number of missing data
Temperature 87,622 26

Wind speed 87,612 36

Wind direction 87,601 47

PM,, 249,268 13,676

[N 255,464 8,480

co 252,924 10,020

NO, 254,244 8,700

50, 252,623 10,321

Original set (100%)

Training set (75%) Test set (25%)

Train set (80%) set (20%)

a8 1. clo|efMl =
Fig. 1. Structure of dataset
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Indicator DNN RNN LSTM
RMSE 8.3459 8.3653 8.3964
Overall accuracy 87.38% | 87.58% | 87.1%
Accuracy for “good” AQI 79.9% 84.28% | 79.2%
Accuracy for “moderate” AQI | 93.14% | 91.22% | 92.8%
Accuracy for “bad” AQI 75.5% 75.24% | 76.83%
Accuracy for “very bad” AQI | 65.44% | 72.79% | 66.18%
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