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Summary

As a first step toward expanding and

improving the accuracy of forecasting methods
in Japan, this study developed a deep learning
model that predicted PM2.5 concentrations and
evaluated 1its accuracy using continuous
observation data of PM2.5 and its components
obtained by ACSA-14 at 10 locations
nationwide. As the base of the deep learning
model, long short-term memory (LSTM), a type
of neural network, was used to construct the
A dataset was created

basic structure.

of data processing: a
high
concentrations and statistical outliers and a
that high

concentrations. The results showed that there

through two
that

types

pattern excludes single

pattern excludes only single
was a tendency for the accuracy to decline
further away from the starting point of the
forecast. Furthermore, it did not predict
concentrations higher than a certain level, a
behavior that requires improvement. To
address this problem, we added meteorological
data and data with a time lag as well as a
batch normalization layer to the model to
normalize the data passed through the model,
which

predicting

eliminated the behavior of not

concentrations above a certain

level and improved the model.



