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ABSTRACT

Recently, due to the proliferation of IoT sensors, the development of big data and artificial intelligence, time series prediction
research on fine dust pollution is actively conducted. However, because the data representing fine dust contamination
changes rapidly, traditional time series prediction methods do not provide a level of accuracy that can be used in the
field. In this paper, we propose a method that reflects the classification results of environmental conditions through CNN
when predicting micro dust contamination using LSTM. Although LSTM and CNN are independent, they are integrated
into one network through the interface, so this method is easier to understand than the application LSTM. In the
verification experiments of the proposed method using Beijing PM, s data, the prediction accuracy and predictive power
for the timing of change were consistently improved in various experimental cases.
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Table. 3 Comparison of predicted values for the first 15
data occurrences

Table. 1 Hyper Parameters of Deep Learning Networks No. Real Value Exist LSTM Proposal Method
Network Layer Hyper Parameter 1 104 90.87053 115.0198
Hidden Layer : 4 2 118 104.1914 130.4518
epoch : 50
LSTM ~ Batch Size : 4 3 124 117.9622 129.1657
Loss Function : MSE 4 116 122.3993 118.9944
Optimizer : Adam 5 99 112.883 100.262
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No. Real Value Exist LSTM Proposal Method
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12 107 122.5249 108.5176
13 102 102.912 104.7821
14 70 99.70883 69.12551
15 71 64.74248 74.03382
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