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Abstract In order to reduce the harmful effects on the human body caused by the recent increase in
the generation of fine dust in Korea, there is a need for technology to help predict the level of fine
dust and take precautions. In this paper, we propose a 1D Convolutional—Recurrent Neural Network
(1-D CRNN) model to predict the level of fine dust in Korea. The proposed model is a structure that
combines the CNN and the RNN, and uses domestic and foreign fine dust, wind direction, and wind
speed data for data prediction. The proposed model achieved an accuracy of about 76%(Partial up to
84%). The proposed model aims to data prediction model for time series data sets that need to consider

various data in the future.
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Fig. 1. 1-D CRNN Model architecture diagram
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Table 1. Data categories used for each model

Data category Model2 | Model4 | Model6 | Model8
Seoul Fine dust 0 0 0] 0
Beijing Ultrafine dust 0 0 0] 0]
Seoul Temperatures (0]
Seoul Humidity (0]
Seoul Wind speed 0] 6]
Seoul Wind direction 0 0] 0]
West Sea Wind speed (0] (0]
West Sea Wind direction 0 0] 0]
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Fig. 2. Graph of loss function result
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Table 2. PM prediction accuracy for each model

okl Accuracy
Good Normal Bad Very Bad | Total Acc.
Model—2 0.7077 0.8693 0.2222 0.0 0.7533
Model—4 0.8000 0.7778 0.5000 0.0 0.7632
Model—6 0.7308 0.7974 0.3333 0.3333 0.7368
Model—8 0.7047 0.8431 0.3333 0.0 0.7467
RNN-1 0.0846 0.9804 0.1111 0.0 0.5362
LSTM-3 0.6154 0.7516 0.1666 0.0 0.6513
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Fig. 3. Graph of PM prediction for each model
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